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Abstract

Partial Discharge Identification by Using
Signal Processing Techniques

Abstract
Partial Discharge (PD) detection after denoising, characterization and
identification are the three main signal processing requirements of PD analysis.
Voluminous digital PD data are nowadays readily available with constant
improvements in PD measurement techniques. Power Engineers may be able to
detect prominent PDs using oscilloscope and existing couplers. But identification
of the types of developing and random occurring PD is a real challenge to any
practicing engineer. In this thesis, details on using wavelet transform in the form
of either continuous wavelet transform or discrete wavelet transform with two
methods to denoise, identify the location of PD and retrieve PD wave shape
without magnitude distortion are presented. To identify the type of PD, some
experimental studies and about six existing and developed signal processing
methods are carried out. Laboratory experimental study provided reproducible
data with enough number of sampled points on three types of pure PD and one
multisources PD. The signal processing is done on PD random occurrence in 20
ms with multicycles, and is known as group PD analysis. In single PD analysis,
the individual shape of PD is extracted and analysed. Group analysis includes
the study of following distributions of PD: ®-q, ®-n and g-n, and the
corresponding statistical operators Sk, Ku and CC, weibull parameters using g-

cumulative n and ®-cumulative n distributions, cluster analysis using (At-AV),

(AVp-AVn1), (Atp-Athq) and (A(AV)-A(At)) distributions and Wavelet Transform



ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

Abstract

coefficients by varying scale. In single PD analysis, time and frequency domains
features of the signal are analysed. With the above developed signal processing
methods, laboratory recorded pure PD data are analysed for type identification. It
is found that the statistical operators are sensitive to sampling windows. Then
five of the signal processing methods are picked up for industrial application like
identifying the types of PD in multisources signal and tested successfully with a
laboratory generated multisources data and PD signal from an operating

industrial transformer.
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Chapter 1

Introduction

1.1

Motivation
On-line partial discharge (PD) site measurement is one of the reliable
condition monitoring techniques used in power industry [1,2,3]. Power utilities
employ different measuring, recording and analyzing methods to detect and
access PDs in their power network [4,5]. If one analyses the identical set of
recorded data with statistical PD magnitude distribution and the
corresponding phase angle of its occurrence in elliptical display, the types of
developing PD can be identified using the reported signatures in IEEE and
IEE standards [6,7,8]. On-line PD measurement on apparatus connected to
HV network gets complicated as the simultaneously measured results at
different measured nodes differ and the interpretation of results is more
difficult [9,10,11]. The role of several other factors like noisy measuring
environment, distortion of PD pulses from PD sites to the measuring nodes,
lack of suitable node for sensitive PD measurement, the frequency response
of sensors, amplifiers and recording devices and lack of database on types of
PD make the identification of PDs more difficult [12,13,14]. The main intention
for this research work is to apply digital signal processing techniques to
detect, identify, and classify the types of PDs that will occur frequently in high
voltage (HV) operating power systems so that an automated PD identification
system may be developed. With that motivation in mind, identification

characteristics of commonly occurring corona, surface and cavity PD
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discharges are evaluated. PD experiments and new signal processing
techniques are planned. Recently, there have been many references
[15,16,17,18] on applying Wavelet Transform to denoise and identify PDs.
New automated wavelet techniques have to be developed for processing the
random occurring on-line PD data. It is found that many challenges exist on
the detection of PDs buried in noise, identification of the types of developing
PD, evaluation of the severity of PD, classification of different types of PD and
location of PD in different individual and connected power apparatus. As a
part-time research student with interest in signal processing, this research
project on analyzing random occurring high frequency signals buried in noises
is found to be interesting. After making a good literature survey, research
study is planned. To get reliable data, controlled experiments in laboratory are
carefully carried out. The application of Wavelet Transform (Continuous and
Discrete) is studied for PD denoising and identification. It is found that the
wavelet transforms and other processing techniques can identify unknown
PDs emitted from single or multi-locations.

1.2 Objectives

The detailed objectives of my research are listed below:

a) Since controlled PD data are readily available in EEE,NTU through
laboratory measurements and industrial field testing, it is aimed to
develop new digital signal processing techniques to denoise,
extract PDs from noisy data, characterize, classify and identify the

types of PD. Wavelet Transform coefficients are used as a tool for
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PD identification and is getting more popular because of its
capability in identifying abnormality in time plane. However, so far,
the publications on PD [19,20,21] described mainly on use of
discrete type of Wavelet Transform. Continuous Wavelet Transform
(CWT) has not really been investigated. Furthermore, the effect of
many different settings of Discrete Wavelet Transform (DWT) on
PD identification has also not been investigated. In this work, the
effects of various settings of the DWT and the usefulness of CWT
for PD analysis will be investigated.

It is accepted and reported that the phase (®) and magnitude (q)
distribution profiles of PD data can be qualitatively used to identify
the types of PD. Few researchers [22] report that the statistical
operators like skewness (Sk), kurtosis (Ku) and cross-correlation
(CC) between PD distribution in negative and positive half cycles
may be used for identification of the types of PD in the laboratory.
The polarity of skewness and kurtosis, and the closeness of these
quantities as compared to a normal distribution for each type of PD
are not reported and the usefulness of these factors in identifying
known PDs by using a common phase window size of 1 degree of a
360 degree AC power cycle will be investigated.

Distribution of the sequential change in amplitude and the
corresponding change in time separation between consecutive PD

pulses over a substantial number of voltage cycles may be
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indicators of range of random occurrence. The range and shape of
cluster pattern of each type of PD are to be studied for PD
identification.

The types of PD in mixed PD sources may be identified by
determining the slope and shape parameters of the weibull-fitting
on q and ® with cumulative number of its occurrence distribution
profiles.

Single PD characteristics like PD pulse shape and duration in time
domain and dominant frequencies and its magnitude in frequency
domain may be able to diagnose the different types of PD.

It is planned to group few reliable PD identification tests in
identifying the types of PDs embedded in multi-source signals. One
of multisource signal is recorded in the HV laboratory using the
developed known pure PD models, and the other unknown is
recorded at an industrial site. The results obtained with different

methods are compared for reliable identification.

1.3  Major Contributions

1) For PD identification and characterization, three separate PD samples are

designed, fabricated and tested to generate pure corona, surface, and

cavity PDs. The developed corona and surface samples are connected in

parallel to generate multi-sources PD signal with two known PDs occurring

simultaneously in the measured period as per the respective mechanism.



ATTENTION: The Singapore Copyright Act applies fo the use of this document. Nanyang Technological University Library

2)

3)

4)

9)

Chapter 1 - Introduction

Two digital wavelet CWT and DWT techniques with the developed
correlation and energy methods to extract PDs from noisy data samples
are reported. Newly developed denoising technique by optimizing the low
scale detail coefficients of DWT is found to result in better denoised signal
with minimum distortion. For optimal denoising in sampled discrete data,
two methods of estimating the threshold value in wavelet technique are
proposed and tested. The main advantages and disadvantages of CWT
and DWT for PD analysis, and the various critical parameters to tune for
PD detection are researched.

PD identification using PD random distribution in 20 ms is made using the
statistical, cluster patterns and weibull parameters. Using the laboratory
measurements on the developed samples, ® and q distribution in 20 ms
period is analysed with the characteristic and quantitative PD distribution
features like skewness, kurtosis, cross-correlation factors, A®-Aq range
distribution, and weibull shape and scale parameters. In that classical
method, it is found that window size plays a critical role.

New detailed single PD analysis is introduced. Using CWT, the time
location of individual PD is identified. The time and frequency domain
characteristics of extracted single pure PD pulse are classified for
respective PD identification. Using correlation, these features are used to
identify the types of PD embedded in multi-source signal.

Signal from known multi-PD sources with corona and surface PDs is

collected in the laboratory using developed PD models. In addition,
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substantial PD data in 20ms and 2ms time durations using adequate

sampling rate are also collected from an industrial operating transformer of

2MVA for analysis. It is shown that the five PD identification tests can be

used sequentially to identify the types of PD in those collected multi-

source signals.

1.4  Organization of thesis

Chapter 1 :

Chapter 2 :

Chapter 3 :

Chapter 4 :

presents the motivation, objectives of the research work, the major
contributions of this research work and the organization of this
thesis.

details the literature survey on types of PD, stochastic character of
PD, PD measuring methods, PD identification methods, denoising
techniques, various used transforms for PD analysis, theory of
wavelet transform, CWT and DWT for PD identification,
identification of the type of PD using statistical operators, cluster
analysis, weibull parameters, individual PD pulse analysis and
identification of PDs buried in multi-source signals. Finally, it
presents the planned research work.

discusses the details on the measurement setup, digital resolution
of recorded PD data for group and individual pulse analysis, voltage
phase referencing, test objects to generate pure source and mixed-
sources PD and the details on the developed software modules.
explains in detail the use of the CWT and DWT to detect and

identify PDs. It presents the typical recorded pure PD distribution,
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PD detection using CWT, selection of the best fit wavelet of CWT
for PD detection using correlation and energy methods, selection of
wavelet scale in CWT, PD detection using DWT, DWT coefficients,
effect of sampling rate on detail coefficients, steps involved in
obtaining denoised signal, best fit wavelet based on correlation and
energy methods in DWT, role of levels of decomposition, threshold
value for denoising and thresholding methods, and reconstructed
detail coefficients to get the best denoised signal. It concludes with
the procedure to follow on the selection of CWT and DWT for
denoising.

describes the results obtained from group and single PD analysis.
The 20 ms PD group distribution analysis is based on q-®-n
distribution of each type of PD, statistical parameter calculation,
weibull parameter determination and cluster analysis based on At-
AV and A(At)- A(AV) of consecutive PD pulses. With corona, cavity
and surface PDs, the characteristic features are brought out. Then
it presents the individual pulse analysis in time and frequency
domains. A summary of the characteristic features with each type
of PD is presented.

explains the five selected tests used for identification of the types of
PD buried in a mixed-source signal recorded in the laboratory and
operating transformer. It presents the PD distribution of mixed-

source signal before and after denoising in one AC cycle,
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correlation factors distribution in 20ms, FFT content of single PD,
variation of CWT coefficients with scale, and analysis by mixed-
weibull techniques. It summarises the identification procedure for
mixed-source signal to get reliable prediction.

summarises the findings. It discusses the main advantages and
disadvantages of the reported new techniques and presents the

new recommendations for future research work.
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Chapter 2

Literature Survey

2.1 Introduction

This chapter presents the literature survey on PD and signal processing
connected with PD analysis. Existence of PD activity is an indicator of insulation
degradation. For this reason, the detection and diagnosis of PD activity is
adopted for condition monitoring purposes to analyze the insulation integrity and
remaining life of HV equipment. PD analysis involves the capturing, processing
and characterization of PD signals to determine the severity, type of developing
PD and the location of it. PD data is normally acquired at accessible locations
such as HV terminals of equipment using coupling devices and measuring
transducers. The emphasis nowadays is on the processing of PD data digitally
and to develop methods to characterize and classify them because PD digital
data are readily transportable through different communication links. Fourier
analysis can no longer be used as a single tool for processing the PD data. The
potential application of Wavelet Transform to PD detection has been discussed in
some publications [23,24,25,26]. However, the focus of these publications is on
the use of DWT and not by the CWT. Furthermore, the effects of different
settings of Wavelet Transform like threshold level and methods, types of wavelet,
decomposition levels, noise removal, and limitation of Wavelet Transform for PD
analysis are not discussed and reported. It is planned to investigate in this

research the role of different settings on wavelet analysis. Statistical operators
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like the Skewness, Kurtosis and Cross-correlation factors are utilized to quantify
the shape of PD magnitude and phase distribution profiles [27]. Thereafter, the
polarity of those quantities and closeness to the normal distribution show the
characteristic patterns for each type of PD. In addition, the Weibull and mixed-
Weibull fitting techniques [28,29] are investigated with focus on getting the
appropriate ranges of scale and shape parameters unique to each type of PD
upon variations in applied voltages. The statistical profiles and Weibull analysis
coupled with the results of the individual pulse analysis may be the desirable
inputs for the identification of the types of PDs in multi-sources signals [30,31].
2.2 Theory of PD
2.21 An overview
PD can be described as an electrical pulse or discharge in gas-filled void
occurring very locally [32]. It may occur with increased electrical stress on a
dielectric surface of a solid [33] or liquid insulation system [34] or in the
environmental air if sharp electrode edges [35] are present. The duration of
PD pulse is very short typically in nano-seconds range. In other words, these
pulses have very steep rise and fall times representing high frequency pulse.
The discharges are effectively small arcs occurring within the insulation
system causing localized insulation damage known as localized degradation
to the HV machines [36,37]. Occurrence of PDs can be observed in the form
of light (i.e. red-bluish glow exhibited by corona), heat, sound, electrical
current, and degraded surfaces with chemical changes. The complete failure

may happen in 1 to 20 years period depending on the severity. PD is a
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symptom of deterioration in a machine and early detection enable engineers
to evaluate the progress of insulation degradation. Exponential rising trend of
PD activity with time is of main concern to the maintenance engineers.

222 Types of PD

Corona, surface and cavity are the three common PDs which occur frequently
in many power apparatus [38,39,40]. The causes of their occurrences and the
damages they pose to the machines and environment [41,42,43] are
important considerations.

2.2.21 CoronaPD

Many high voltage power system layouts have the tendency to have sharp
edges on their conductive parts or connectors [44] due to bad workmanship
or wear and tear during operation. When the electrical stress is around 3 kV
per mm, corona PD will occur from the sharpest edge. The emitted radiation
is sensed by different sensors. Corona tends to be repetitive depending on
the applied electrical stress and ambient environment.

Insulation in the close vicinity of corona occurrence gets degraded [45].
Corona in oil produces hydrogen and other gases which may cause fire [46].
In overhead power transmission lines, it causes power loss. It also causes
radio interference voltage. Corona is quite commonly seen on dry-type power
transformers and often practical symptoms include fading of color, white
powder, bluish-green powder (if copper is involved), dark tracks on insulation

near conductors, radio frequency noise, and smell of ozone.
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2.2.2.2 Surface PD

Surface discharges are PDs which occur due to contamination on the
insulation surface. The contamination can be foreign particles like moisture
from the ambient air, or just dust particles collected on the insulation surfaces.
Such contaminants chemically attack the insulation resulting in reduced
surface insulation resistivity. It permits the flow of substantial current in the
surface film leading to carbonization of the underlying insulation surface
known as surface tracking. Figure 2-1 [47] below shows the scenario where
surface discharges occurring on the surface of the dielectrics of a typical

electric motor when they are subjected to high-impulse voltages [48].

Copper Conductor

Contaminated
insulation cracks

Surface discharge
through air

Contaminated
insulation surface

Iron Core

Figure 2-1: Surface PD in electric motor [47]
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2.2.2.3 Cavity PD

Cavity PDs occur in cavities of solid or liquid dielectrics due to high voltages. It is
well-known that the electric stress in cavity is increased by the relative dielectric
constant of the surrounding dielectric. In addition, the magnitude of the field
depends on the shape and location of the cavity. When the field becomes
sufficiently high in the cavity, ionization will start and then the breakdown in void
will occur. The field in the cavity will go to nearly zero as the charge tries to
distribute in a very short time. This transient change in electric field distribution
causes a change in voltage at the HV electrode which can be detected. Figure 2-
2 [47] below shows a typical distribution of cavities in electric motor insulation.
These voids are common in insulation of power equipment [49] and if partial
discharges occur at these voids, it will cause treeing and damage the insulation
locally after a prolonged period of operating time. Figure 2-3 shows the
phenomenon of electrical treeing [50] caused initially by some internal cavities in
the medium voltage cable. Failure of cable system may occur if internal

discharges continue to cause the treeing in the cable.
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Void between copper and
insulation

Copper Conductor
Void internal to

void in

Iron Core

Iron Core

Figure 2.2 Possible cavity void distributions in motor insulation [47]

Figure 2-3: Electrical treeing in paper insulated
medium voltage cable (PILC) [50]

2.3 PD Identification

PD tests are done on HV equipment rated more than 3.3 kV. A wide range of
detection techniques like acoustic, ultrasonic, electrical, optical and chemical
detection techniques are employed. Out of these techniques, the acoustic and
electrical detection are the most commonly used.

Weak PD data is normally embedded in noise. Various hardware techniques
[51,52] like differential mode of measurement, tuned frequency techniques,

time domain and frequency domain analyses are used in the industry to
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identify PD. With the availability of fast sampling digital techniques, large
memory and fast communication links at reasonable cost, digital processing
techniques are researched for PD identification and classification. For PD
identification, embedded noise should be removed. Several methods like
averaging, digital filtering, fourier analysis, and wavelet transform are
proposed for denoising the PD data [53,54,55]. Out of these methods,
Wavelet Transform is a more recent development in PD signal processing
tools and a survey is made on the reported work to plan for the future
research work on PD identification in sections 2.4, 2.5, 2.6 and 2.7.
24 Wavelet Transform
PDs are random pulses (i.e. non-stationary signals). They have finite duration
(discrete) and occur only for a very short period of time. In most practical field
environment, PD is embedded in the background electrical noise.
2.4.1 Various used transforms for PD analysis
Prior to actual PD type analysis, the acquired PD data must be denoised and the
phase location of PDs must be extracted by digital detection technique. Fourier
Transform cannot be applied for PD detection because it assumes that the
signals to be transformed are stationary and infinite in time [56]. Stationary
signals are signals whose frequency contents do not change with time. Fast
Fourier Transform (FFT) [67] is an efficient way of calculating the Discrete
Fourier Transform (DFT) [58] of discrete time domain signals. It is not good for
continuous PD statistical analysis because it is unable to tell us at what time

intervals are the spectral components of PD occurring. However, since individual
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PD pulses are found to be well-defined in shape by a number of sampled points
the FFT can be applied to find the frequency content of each type of PD pulse
The Short Time Fourier Transform (STFT) [59] aims to provide a time-frequency
representation of a discrete time signal. It may not be appropriate for PD analysis
due to the fixed-width window that STFT uses throughout the analysis of the
entire discrete signal and by the resolution dilemma introduced by the
Heisenberg Uncertainty Principle [60]. The Heisenberg Uncertainty Principle
states that good time and frequency representation of a signal cannot coexist.
That means if the size of the window in STFT is narrow, then good time
localization is obtained but looses frequency localization. The reverse happens
for wide window size. In view of the mentioned limitations of the various types of
FT, WT is introduced for PD analysis [61]. The WT helps to solve the problem of
fixed-width window function and the resolution dilemma in STFT as it uses a
mother wavelet of varying sizes to analyze the different frequency content of a
signal and thus offers better signal processing. In addition, WT is found to be
useful as a denoising tool as well as a PD extraction tool since it is capable of
extracting the time/phase location of PDs buried in noise.

2.4.2 Theory of Wavelet Transform

Figure 2-4 below shows some typical popular wavelets [62,63] available in
Matlab toolbox. They are Db1, Db2, Db4, Db8, Db9, Db15, Db20, Sym4, Syms,
Bior6.8 and Coif5. They are selected as they resemble many of the observed
single PD waveshapes and are good in detecting abrupt changes in a signal. The

horizontal width represents the finite time duration and the vertical amplitude is
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the magnitude of the wavelet. All the wavelets decay to zero after a finite duration
and they have zero average value. As seen from figure 2-4, a wavelet is an
oscillatory signal but decays to zero in short time duration and has zero average

value with a finite energy.

Oscillatory nature but decay to zero and
have zero average value

\ ;
1 Db2 1 Db8
Db1 1 Db4 0.5
0.5
0
0 0 .
-05
-0.5
1 L L -1 i i -1 L L i
0 02 04 0§ 08 1 0 1 2 ] 0 2 4 6 0 5 10 15
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' Finite duration —]
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Figure 2-4: Shapes of 11 selected mother wavelets for PD analysis
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Mathematically, a wavelet can be expressed as:

(2-1)

T)_>

. (1) = \kl//(t;

and FT of the mathematical expression of a wavelet can be derived as below:

F(y, () =+/s *p(sw) —> 22)

In (2-1), v is the mother wavelet, and t and s refer to the shift and scale

parameters respectively. These two parameters can be varied to analyze
different frequency content at various time positions of a sampled signal.
Wavelets are chosen to be localized in the time and frequency domains for use in
PD analysis. In time-domain, it is a localized window centered at time zero. In
frequency domain, it is also well localized with a center frequency close to zero
and can be regarded as a bandpass filter. One can quantify the time and
frequency localization of a wavelet by defining its time duration as At and its
frequency bandwidth as Aw. Changes in the scale of a wavelet changes its

behaviour in time duration and frequency bandwidth as shown by (2-3) and (2-4).

A, (l//(é)) =sA(y(t) —* (2-3)

A, (7 (W) (2-4)
S

A, (w(sw)) =

»

From the results [64] shown in (2-3) and (2-4) together with the FT of a wavelet
(2-2), one can see that increasing the scale parameter s increases the time

duration while decreases the frequency bandwidth of the wavelet. Figure 2-5
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illustrates the scenario. This implies that wavelet provides poorer time resolution

but better frequency resolution at lower frequencies and vice-versa.

s (t) w (W)

1

AN

4. A = .
\] V 0 ‘ WL Wo l//h

F.T.

w(2t) 2vx(%)

q

A

TN Lo ,
V o[ W,
\} 2 2 2

| |

Stretching the wavelet i.e. increasing the time Reduces the frequency bandwidth of the wavelet
duration by increasing scale s = poorer time in frequency domain = better frequency
resolution resolution at lower frequencies

Figure 2-5: Effect of changing the scale of a wavelet

Two types of Wavelet Transform which utilize the understanding of the properties
of wavelet are being investigated for PD analysis [65,66,67]. They are the
Continuous Wavelet Transform (CWT) and the Discrete Wavelet Transform

(DWT).
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2.4.2.1 Continuous Wavelet Transform
In CWT, a selected wavelet is used as a window function similar to STFT. CWT

can be mathematically expressed as (2-5).

Shifting parameter Scale parameter PD data

| Y
i

% _pv
CWT /) (r,s) =Y (z,9)
CWT of the signal x(t) using the Shifting and scaling

selected wavelet y(.) éor:]glt’rannathzatmn the mother wavelet

dt — 25

From (2-5), it can be seen that the CWT is defined as the sum over all time of the
sampled signal multiplied by scaled and shifted versions of the time-localized
wavelet function W. Unlike STFT which uses a fixed-width window, the
advantage of using CWT for PD analysis is that the width of the wavelet can be
varied by varying the parameters of (2-5) to analyze different frequencies in a
signal. High value of s (highly scaled wavelet) is equivalent to a stretched
wavelet having long time duration (poor time resolution but better frequency
resolution) and the purpose is to analyze low frequencies. On the other hand, a
low scale wavelet corresponds to a compressed wavelet having short time
duration (better time resolution but poorer frequency resolution) and is useful for
analyzing rapidly changing details (i.e. high frequencies) like PDs. Thus, the
scale of wavelet is inversely proportional to the frequency. In addition, even at
scale 1 (lowest scale) of the selected wavelet, the frequency bandwidth of the

wavelet is still localized. Thus, CWT is well-suited for PD analysis [68].
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24.2.2 Relationship of scale in CWT to frequency

In CWT, the common syntax used is the scale factor and many CWT analysis
rely on the time-scale plots and not on time-frequency plots. In many technical
papers, the relationship of the scale of the mother wavelet to frequency was not
explicitly explained [69, 70, 71]. They state that the scale is inversely related to
the frequency. For example, high scale means low frequency analysis while low
scale means high frequency analysis of a signal. In the Matlab reference guide,
the frequency corresponding to a particular scale can be calculated by equation

2-6 below:

Fa is the pseudo-frequency corresponding to scale a

Fc is the center frequency of the particular wavelet

A is the sampling period of the original signal.
The idea is to associate with a given wavelet a purely periodic signal of
frequency Fc as shown in figure 2-6. In figure 2-6, the time axis runs up to 14
seconds. It can be seen that the center frequency-based approximation captures
the main wavelet oscillations. The center frequency is a simple characterization
of the dominant frequency of a wavelet. The sinusoidal wave fitting the wavelet
db7 has a period of 1.4444 second. Thus, the center frequency is 0.692 Hz. In a

similar manner, the center frequencies of other types of wavelet can be found.
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F
When the wavelet is dilated by a factor a, the center frequency becomes ;C and

if the underlying sampling period of the original signal is A, then (2-6) can be

used to calculate frequency relating to the selected scale.

db7

Wavedel do? (blue] and Cenler Frequency based approximadion

a 2 4 & 3 1a 12 14
Period: 1 4444; Cent. Freq: 089231

Figure 2-6: Associating a db7 wavelet with a pure sinusoidal signal

2423 CWT to identify PDs embedded in signal

To capture the rapidly changing details of embedded PD in a time domain signal
by using CWT, a desired wavelet (i.e. db8, db9, or sym8) is first selected. Then
by using scaling and shifting of the selected wavelet, the sampled signal x(t)
containing PDs is analysed using (2-5). The analysis is done by determining the
correlation coefficient between the wavelet and windowed sections (determined
by width of the selected wavelet and parameter t) of the signal until the entire
measured time domain signal is covered. Figure 2-7 shows a brief description of

how CWT picks up abnormalities like PD in signals.
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Signal containing PDs (an

____—" example)

Signal
Correlation between wavelet and a portion of the signal
Wavealet > (defined by the width of the wavelet)
C=0
Signal
Wavelet shifted to the right and correlation is
: —® performed again until the end of the signal is
Wavelet E> reached.

C=0.083

Figure 2-7: Determination of correlation coefficients by shifting in CWT

CWT starts the correlation analysis by using the lowest scale of 1 (most
compressed) of the chosen wavelet and places it at the beginning of the signal.
The result of the correlation between the wavelet and the portion of the signal
(defined by the width of the wavelet) is recorded and then the wavelet is shifted
to the right determined by position parameter t. Again, the correlation result is
recorded. Similar procedure is followed until the end of the signal. A number of
correlation results are obtained by varying t. The correlation results are often
referred to as CWT coefficients denoted by C. Next, the wavelet is now stretched
to scale 2 (double the time duration of wavelet which means poorer time
resolution but reduces frequency bandwidth of wavelet by half to have better
frequency resolution). The same procedure is repeated again until the end of the

signal is reached. There will be another set of wavelet coefficients for scale 2. A
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lot of wavelet coefficients corresponding to continuous scales of 1,2,...to n of the
selected wavelet will be obtained. High frequency bursts like PDs can be
detected by looking at the correlation results of the lower scale wavelet. A high
coefficient value will be recorded if the low scale wavelet is closely matched with
the PD pulse that resides in the windowed section of the signal. The occurrence
of high wavelet coefficients at lower scales (i.e. scale 1,2, and 3) reveals the time
occurrences of PDs. The correlation results of CWT at each scale depend on the
shape of selected wavelet. A time-scale representation of the coefficient values
of the signal is obtained after performing CWT at a specified number of scales n.
n is limited by the nyquist frequency and is selected by the user. The main
disadvantage of CWT is that it generates a lot of coefficients which may use
large computational resources and time. The DWT [72] aims to solve this
computational problem. DWT uses a power of 2 for the scaling i.e. (1,2,4,8,....)
and the end results are equally satisfactory with an added advantage of being
more simplified.

2424 Best fit wavelet for use by CWT to detect PDs

Since CWT performs the correlation analysis between the selected wavelet and
sections of the sampled signal defined by the width of the wavelet, an
appropriate wavelet most similar to PD is selected. Some wavelets are better
than others in the sense that they correlate better with a particular type of PD and
are able to get high CWT coefficient associated with PD while suppressing
coefficients associated with background noises. Although the daubechies

wavelets are localized in design and well-known in picking up abnormalities, but
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within the family itself lies several different orders of daubechies wavelet like db2,
db4, db8, db9,....and dbN. In addition, other popular wavelet families like the
Symlet, Biorthogonal, and Coiflet may also be useful and thus are investigated
together with daubechies wavelets for their usefulness in PD analysis. A best fit
wavelet out of these popular wavelets is selected based on high coefficient value
with PD and lowest coefficient value with noise on typical signal containing PD

spikes and noise shown in figure 2-8.

Original signal containing Cavity PDs
T T

1 ,,,,,,,,,
Zo

R B R R R
ko T AL A A A Figure 2-8 Spiky cavity PDs
; ; ; with 50 Hz harmonics noise

% 5 1 m 20

time inms
24.2.5 Discrete Wavelet Transform

DWT analyzes the original signal at different frequency bands with different
resolutions by decomposing the signal into a coarse approximation and detail
information. DWT uses two sets of functions called scaling functions, and wavelet

functions which are associated with low pass and high pass filters.
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Figure 2-9: Multi-level decomposition by DWT

The decomposition of the original signal into different frequency bands is
obtained by successive highpass and lowpass filtering of the time domain signal.
In figure 2-9, the original signal x[t] with frequency contents up to % radians is
first passed through a highpass filter (wavelet function) and a lowpass filter
(scaling function). After passing through the filters, detail d1 contains the upper
half of the frequency band of the original signal (i.e. % to %) while the

approximation a1 takes the lower half band (0 to %). By removing half of the
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spectral components from the original signal, half the number of samples is made
redundant. Therefore half of the samples can be eliminated by down-sampling
(reducing the number of sample points) according to the Nyquist’s rule for the
approximation and detail. The first stage decomposition halves the time
resolution since the approximation which has only half the number of samples
now characterizes the entire original signal and will be fed into stage 2.
However, this operation doubles the frequency resolution as the uncertainty in
frequency is reduced by half and the frequency band of the approximation now
spans only half the previous frequency band. In short, the filtering process by the
wavelet filters actually improves the frequency resolution (by 2 times) but the
reduction of the number of samples (down-sampling) degrades the time
resolution (by 2 times). At every level, the filtering and samples reduction by a
factor of 2 will result in half the number of samples (i.e. half the time resolution)
and half the frequency band spanned (i.e. double the frequency resolution). After
the decomposition process is completed, the frequencies that are most
prominent in the original signal will appear as high amplitudes in that region of
the DWT signal that includes those particular frequencies. The difference of DWT
from the Fourier Transform is that the time localization of these frequencies will
not be lost. However, the time localization will have a resolution that depends on
which level they appear. If the main information of the original signal lies in the
high frequencies like PDs, then the time localization of these frequencies will be
more precise, since they are characterized by more number of sample points in
the lower scale level of the decomposition tree. If the main information lies only at
very low frequencies, the time localization will not be very precise, since few

sample points are used to express signal at these frequencies. This procedure in
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effect offers a good time resolution at high frequencies, and good frequency
resolution at low frequencies. PDs are high frequency pulses, and it is desirable
to have good time resolution at high frequencies. Hence DWT at lower
decomposition level (i.e. d1, & d2) is a good candidate for PD analysis since the
filtering processes at lower levels improve frequency resolutions while still
providing decent time resolutions.

2.4.2.6 Frequency range of detected PD in DWT

An important limitation of DWT (or CWT) is that it is unable to determine at what
time intervals are the exact frequency components of the original PD signal are
occurring. DWT can only tell at what time intervals are a band of frequencies
occurring for a PD signal. For example, after high pass filtering at level 1, the
frequency range for detail d1 is from % to g If PDs are captured at level 1
(which can be observed as high amplitudes in the detail signal d1), then those
PDs are considered to reside in that frequency regions described by the time
intervals of the high amplitudes in the detail signal. Such short-coming is
common to other transforms. Exact frequency components of a signal can only

be found by using the Fourier transform with large number of sampled points.
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2.4.2.7 DWT to identify PDs embedded in signal

PD in DWT is identified in two steps.

1) DWT breaks down a signal’'s frequency band into several sub-bands
determined by the number of levels in the decomposition tree. Since PD
signals are high frequency pulses, presence of PDs can be identified by
inspecting the detail coefficients at lower levels (i.e. levels 1 and 2).

2) Setting a threshold level, all coefficients of lower values are set to zero
while all coefficients of higher values are retained. By picking high
coefficients, inverse transform is done to get the denoised signal. The
denoised signal reveals the time locations of PDs.

Figure 2-10 shows another typical recorded signal. It can be seen that there are

several spikes (PDs) and the background noises that corrupt the entire signal.

DWT reflects the intensity of the energies of the original signal in their detail

coefficients [73]. For example, the background noises seen in figure 2-10 have

energies much lower than the PD spikes because their energies are spread out

in the sampled time period.

Original signal containing PDs

Amplitude in volts

: Figure 2-10 Original signal with PDs

0 5 0 15 20 25 30 35 40
Time inms

Detail coefficients of higher amplitudes at low decomposition scale often denote

high energy bursts like occurrence of PDs in the original signal. Detail
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coefficients at higher decomposition contain information about the lower
frequency components of the original signal and thus are not being used. The
coefficients having lower values associated with background noises are chopped
off by setting a threshold value (cut-off value). In this way, the original will be
denoised. Figure 2-11 shows the steps involved in DWT for denoising the

collected PD data.

Input Signal . Processing
(PD Data) Discrete (Manipulation of
— Wavelet > detail coefficients i.e.
Transform

thresholding)

Inverse N
Wavelet Modified
Transform (denoised)
Output Signal

Figure 2-11 Steps used to denoise PD signal using DWT

2.5 Statistical operators used for the Identification of PD

The identification after denoising is done in two ways [74,75]. The first method is
based on classical group analysis. The obtained single source PD data after
employing DWT denoising appear in groups or packets of pulses relative to the
cycle of the sine wave of an AC applied voltage. Based on the characteristics of
its occurrence in @, the type of PD is identified [76,77]. The best example is that
corona pulses appear in packets mainly in the negative half cycle. The above

method is a qualitative method to identify the type of PD.
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More quantitative methods are developed to analyze the distribution by
determining the number, mean, maximum value in split windows. The g-®-n
(magnitude-phase-number) plots are analysed by statistical operators like
skewness, kurtosis and cross-correlation [78,79]. These statistical quantities
numerically described the closeness of the shapes to a standard normal
distribution and were used for identifying the distribution patterns of each type of
PD. The definition of the various factors is presented below.

2.5.1 Skewness

The Skewness is mathematically defined as:

N —_—
2 (Y, -Y)’
S, = |=(1N EITE , Y. =Y., Yy

WhereYi is the recorded data, Y is the mean of data, s is the standard
deviation, and N is the total number of data points. The skewness for a normal
distribution (or any perfectly symmetric distribution) is zero, and any symmetric
data will have skewness value near zero. If skewness is negative, the data are
spread out more to the left of the mean than to the right i.e. asymmetric to the
right (skewed left). If skewness is positive, the data are spread out more to the

right i.e. asymmetric to the left (skewed right).
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W ¥
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Figure 2-12 Graphical illustration of the Skewness used to describe data distribution

2.5.2 Kurtosis

Kurtosis is defined as:

(Y, -Y)*

(N-Ds* -

WhereYi is the recorded data value, Y is the mean of data, s is the standard
deviation, and N is the total number of data points. The kurtosis for a standard

normal distribution is three. For this reason, excess kurtosis is defined as:

N —_

2(Y; -Y)*
Excess Ku=-=. —-
(N -1)s

’ i~ 1

Using the equation for excess Kurtosis will make the standard normal distribution

to have a Kurtosis of zero. The Kurtosis indicates the sharpness or the amount of
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concentration of the distribution around the mean value. It increases with the
sharpness of the distribution. For an example, if the kurtosis of the distribution
profile is greater than zero, it is said to be leptokurtic [80]. If its kurtosis is less
than zero, it is said to be platykurtic [81]. Leptokurtosis is associated with
distributions that are more “peaked” and have “fat or heavy tails” as compared to
a normal distribution. Platykurtosis is associated with distributions that are less

peaked and have thinner or lighter tails.

Leptokurtic
Platykurtic Kurtosis
|
|
A I
|
These graphs illustrate the kurtosis. The graph on the Heauwy Liaht
right has higher kurtosis than left one. It is more Tail g
peaked at the center, and it has fatter tails. Tail

Figure 2-13 Graphical illustration of the Kurtosis used to describe data distribution

2.5.3 Cross-Correlation

The Cross-Correlation factor (CC) determines the degree of difference in shapes
of the distributions in the positive and negative half cycles. If the shapes in the
positive and negative cycles are similar, then the value of CC would be unity. If
they differ entirely, CC would be zero. Generally, CC falls between 0 and 1. CC is

described mathematically as:
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in Yi in Zyl /n
\/_in2 (2% ) /0| Zyz (Zy, ) /0]

CC=

Where X; is the mean or maximum PD magnitude in window i of the positive half

cycle and Yjis the mean or maximum PD magnitude in the corresponding

window in the negative half cycle and n is equal to 180 i.e. the total number of
phase windows per half cycle. Calculation of the values of CC reveals the
difference in shapes of the phase distribution profiles for different types of PD.

In addition, the sequential time and amplitude change (AV & At)
distribution between consecutive PD pulses [82,83] within a voltage cycle is also
analysed to identify the type of PD. Each type of PD exhibit different types of
cluster patterns. To identify the number of PD sources from unknown PD, Weibull
and Mixed-Weibull fitting on g-n is used in the laboratory [84,85].

2.6 Individual PD pulse analysis

Beside analysing the phase distribution profiles of each type of PD for
characteristic determination, the individual pulse of each type of PD also showed
interesting characteristics which were harnessed for PD identification [86]. Not
many publications discussed about such areas. It is planned in the research work
to make use of the results of the individual pulse analysis like the FFT contents,
time duration and pulse shape of each type of PD to be fed into the Correlation

Method for identification of the types of PD embedded in multi-sources signal.
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2.7 Identification of types of PD in multi-sources signal

Publications on identification method for multi-sources signal are also limited [87,
88]. One of the more prominent methods is the mixed-weibull technique which is
applied to sets of PD populations residing in a multi-PD sources signal.

2.8 Summary

The literature study reveals that many signal processing techniques connected
with denoising and type of PD identification are being developed based on more
laboratory studies. This research is aimed in identifying and developing new
techniques for practical field application. The study shows that there are
characteristic changes in group and single PD responses with types of PD. It is
planned to come up with some better signal processing techniques for denoising,
type identification and determining the number of PD sources. The developed

methods are reported in the subsequent chapters.

2-27



ATTENTION: The Singapore Copyright to the use of this

ocument. Nanyang Technological University Library

Chapter 3 — Measurement Setup

Chapter 3

Measurement Setup

This chapter describes the details on the PD measurement system used in my
thesis. The HV measurement system consists of HV source, PD current
recording system, sources to create the desired pure PD and software tools to
process the recorded data.

3.1  Measurement Setup

— Coon
100kV RMS max
Water Resistor /
Voltage Divider

™ R1=1MQ

/v R2=1kQ

\|

PD Model Rl

HV Source J/
R2

Digital

L Oscilloscope
j T

1 Gnd Tektronix Model 7054
1) Sample rate (1 channel) = 5GS/s (max)
2) Input impedance = 1MQ
3) Input Sensitivity using 1 MQ input
impedance = 1 mV/div to 10 V/div
4) Max input voltage using 1MQ input
impedance = 100V max

Figure 3-1: PD test arrangement in the laboratory
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Figure 3-1 shows the PD test arrangement in the HV laboratory. LHS shows the
AC HV test transformer of rating 230 V / 100 kV housed in a locked safe
compartment during energized state. The LV is controlled by a variac provided
with safety locks and tripping devices. A water resistor of 3 MQ isolates PD
signal from the transformer and limits the breakdown current. The developed PD
sample is tested with the controlled HV source. Emitted PD signal is measured
using a HV coupling capacitor, C of rating 100 pF/100 kV (rms) and a serially
connected resistor chain of R1 and R2. A spark-gap is provided across R1 and
ground for HV protection. At 50Hz, the impedance of the capacitor is very high
(about 30MQ) and therefore does not allow significant 50Hz HV signal to flow
through. At high PD frequency like 10MHz, the impedance of the capacitor is
almost negligible and C will allow PD signals to flow through with negligible PD
voltage drop. A wide bandwidth digital oscilloscope of Tektronix model TDS7054
is used to record PD signal across R2. The scope input Impedance is set at
1 MQ. The signal can be recorded from 1 mV to 100 V with a maximum sampling
rate of 5 GS/s. The time duration can be from 2000 ps to 400 s. Simultaneously 4
channels can be recorded.

3.2 Resolution of PD data

Two types of computational analysis are planned to study the characteristics of
PD. They are known as group pulse occurrence analysis in 20 ms duration and

single pulse analysis from data in 1.6 ms duration as shown in figure 3-2.
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Group pulse analysis - This is to observe and analyse the behaviour
of the random occurrence of PDs in 20 ms cycles. The group analysis
can also be referred as the statistical study of the PDs over a
substantial number of voltage cycles. The setting of the digital
oscilloscope used in recording for the group analysis is 40ms with 100
k sampling points resulting in 400 ns per sample point. The typical time
duration of PD is in the range of 1 us and the number of sampling
points for the PD pulse would be 1 us/ 400 ns = 2.5 points. Because
FFT is performed on the individual PD pulse, more number of points
like 128 sampling points or more may be needed for better analysis.

Individual pulse analysis- This is to study the time domain
characteristics like time duration, pulse height and shape of each type
of single PD pulse individually. Details of PD occurrence in 1.6 ms
duration are recorded with 200k sampling points resulting in 8 ns per
sample point. The number of sampled points in 1us comes to be about

125.

Voltage reference for statistical PD analysis

The statistical occurrence of PD signals with @ requires a common reference ®

of energizing voltage source for interpretation. Recorded random occurring PD

current signals have phase shifts due to triggering. A phase-shifted reference

sinusoidal low voltage source is phase synchronized with the energizing voltage

source using a capacitor divider. That reference voltage source is also recorded

simultaneously with the signal using another channel of scope.
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Figure 3-2: PD occurrence in 20 ms and 1.6 ms
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In all the analysis, the PD data corresponding to zero ¢ of reference is taken as
the starting of 20 ms PD signal. The PD data is ® corrected for superposition of
all the recorded 20 ms data. Since the voltage across the R2 resistor
representing PD current waveform leads the source voltage by roughly 90

degrees, peak of 50 Hz current waveform should occur at zero degree as shown

in figure 3-3.
13 ! ! ! ! ! ! !
2
8
=
Q
=
2
-3
E R
<
S I R T A Figure 3-3: Phase
P N N et referencing of 40 ms data
3 1 1 1 1 ; 1 1
0 5 10 15 20 25 30 35 40
20ms time in ms
(50,000 points)
Reference End point (360 degree) of a
(zero degree) point voltage cycle

3.4 Test objects to generate pure PD signal
Pure or single source PD signal means that only one type of PD will be occurring
at a time. Three test objects are fabricated to generate the three types of pure

corona, surface, and cavity discharges.
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3.4.1 Test object to generate corona PD
Corona PD occurs when there is sharp edge or point in power equipment.
Therefore, to generate corona in the laboratory, a common household needle is

used as a sharp point as shown in figure 3-4.

HV Source

metal needle (diameter = 2mm)

__ / Sharpness of needle
=50 ym
/Grounded metal plate

(length = 56.5cm, breadth = 45¢cm)

>l
>

2cm

Gap length = _v_
3.5cm < | I

_i_Glnd

Figure 3-4: Test object to generate corona PD in the laboratory
The needle is polished to get rid of debris, dirt and dust and then connected to
the HV source. A grounded metal plate is placed at a distance away from the
needle to facilitate faster occurrence of corona discharge by increasing the
voltage gradient. Physical dimension of the metal needle plays an important role
in the generation of corona discharges. The sharper and thinner the metal needle,
corona happens at a lower voltage stress. The applied HV level is gradually
increased to observe corona discharges in the oscilloscope. Glowing bluish light
can be seen and a hissing noise can be heard when corona happens.
3.4.2 Test object to generate surface PD
An oval shaped VDE metal electrode touching the epoxy surface is connected to
the HV source to generate surface PDs. A PCB board with epoxy insulation on

one side and the grounded metal surface on the other side is used as shown in
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figure 3-5 to generate surface PD. High applied voltage in the range of 15kV

creates “burn-marks” on the surface of the epoxy material due to surface PD

tracking.
HV Source
A T
VDE electrode

£

(&)

0

f £ Non-conducting epoxy surface (length =

. =
Metal surface o 10 cm, breadth = 5 cm)
* (diameter = 3.5cm b /
\ 4

Conducting copper surface

_& Gnd

Figure 3-5: Test object to generate surface PD in the laboratory

3.4.3 Test object to generate cavity PD

To get cavity PD, epoxy material is used as an insulating material. A parallel
plate capacitor filled with epoxy is fabricated. Before the thermal setting of epoxy,
a hollow spherical plastic bead of 0.2 mm diameter is buried in epoxy kept in-
between these two parallel metal plates to act as a small cavity. The two copper
metal plates have leads connecting to HV source and the ground. The size of the
cavity as well as the physical separation between the copper plates directly
affects the voltage stress needed to initiate a cavity discharge. For example,
larger the separation between copper plates and increased size of cavity

increases the voltage needed to start a discharge. A few hollow plastic beads
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can be placed between the plates to facilitate a better chance of PD occurrence

from multi-sources.

HV Source
Epoxy material
A T
& c B
w8 7y . [ Conducting metal
o © o Cavity sheet
g S (diameter = 5 mm)
£ | o~ v —|
T oo -]
o
0y
Gnd v

A
v

Length = 3.5cm

Figure 3-6: Test object to generate cavity PD in the laboratory

Extra care in terminal connection and edges is taken to ensure that the test
object does not break down with low range of HV due to surface and corona
discharges. Normally, the source voltage is increased gradually to observe and
record PDs around 10 kV. High range HV can destroy or burn the test object and
a new one is to be fabricated.

3.4.4 Test objects to generate mixed-sources PD

Mixed-sources PD signals mean the generation of two or more types of PDs
simultaneously in 20 ms period. To generate corona and surface PDs
simultaneously, both PD sources are connected in parallel as shown in figure 3-7.
This set-up generates corona and surface PDs when an appropriate voltage is

applied. Prior to connecting them in parallel, a check is made on HV level to
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generate PD individually on each test object. At least 5 kV is required for corona
to happen and at least 8 kV is needed to initiate surface PD with the developed

test objects. Test is conducted with HV level in the range of 8 kV.

HV Source

T

Corona Model Surface Model

i Gnd
Figure 3-7: Test object to generate simultaneous corona and surface PDs in the laboratory

Extra care is also necessary not to increase the applied voltage too high such
that one of the individual test objects may give rise to other types of PD or break
down without the knowledge of the user thereby causing major error in data
collection. Similar to the mixed corona and surface PDs, all the three PDs can be
simultaneously generated by connecting test object on cavity in parallel to the
arrangement shown in figure 3-7. It is found that the fabricated test object on
cavity may not be able to withstand higher voltages like other two test objects on
corona and surface PDs. Once the test object on cavity breaks down, it is not

used anymore. Therefore, when all the three pure-PD sources are connected in

3-9



ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

Chapter 3 — Measurement Setup

parallel, pre-determined safe HV levels are used to ensure all three types of pure
PD occur without another new type of PD or damaging any test object. In this
thesis, the typical result with two PD sources is presented.

3.5 Developed Software

PD data collection is done in the HV laboratory using the measurement setup
and the developed PD test objects. PD data analysis is done using the Matlab
software with utilization of the Matlab DSP and Wavelet toolboxes. The following
software routines are developed for PD data analysis.

a) Prior to any group and individual pulse analysis, extraction of PDs from
the collected noisy sampled signals is necessary. To extract PD pulses
from the noisy data, the denoising techniques are developed. The
objective of the denoising technique is to remove the background
noises while retaining the shapes and amplitudes of PDs. In view of
denoising and PD identification requirements, Matlab programs are
written together with the use of Matlab Wavelet toolbox. The flexibility
on it is described in chapter 4.

b) To achieve more creditable PD type analysis, Matlab programs are
written to perform correlation analysis for the extracted pulses from the
denoised signals. The developed correlation method is explained in
detail in chapters 4 and 5.

c) For statistical group PD analysis in 20 ms period, Matlab programs are
written to calculate the mean, maximum, and number of PDs against

the phase angles and magnitude windows over several voltage cycles.
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Statistical quantities like skewness, kurtosis, cross-correlation factor as
well as weibull fitting parameters are also calculated for each type of
PD to evaluate the inherent characteristics of pure PD.

For individual PD pulse analysis, Matlab programs are written to
determine the shape, time duration, and amplitude of each type of PD
in time domain, and the dominant FFT content of individual pulse in
frequency domain.

Software programs are also written to identify the types of PD
embedded in a mixed-sources signal using the developed CWT,
correlation and mixed-weibull methods. Microsoft Excel is used to store
the cumulative PD data and also to perform the mixed-Weibull fittings

on the stored data in order to determine the mixed-Weibull parameters.

Summary

Using the measurement setup, developed PD test objects and software

programs, desired type/ types of PD are generated, recorded and identified with

noises using the developed wavelet and other techniques. Developed signal

processing techniques on group and weibull parameters characterize pure PDs.

Newly developed signal processing methods of single PD correlation using

wavelet techniques and time and frequency domain analysis can identify the

types of PD present simultaneously in mixed PD sources in terms of pure PDs.

The details are reported in the subsequent chapters.
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Chapter 4

PD Detection using Wavelet Transform

In this chapter, the applications of CWT and DWT for denoising and detection
of the types of PD is presented. It is found that both wavelet transforms are
able to detect PDs. After researching on both, DWT is chosen instead of CWT
for PD data analysis because it offers better flexibility in processing the PD
signals and uses less computational time and memory. In addition, the detail
coefficients at lower levels of a DWT decomposition tree are extracted and
reconstructed to obtain PD signals in time domain without noise. This chapter
presents the following:
a) Typical recorded PD waveforms in the laboratory
b) PD identification using CWT
b) PD identification using DWT
Research is made to identify the type of mother wavelet, wavelet scale, and
thresholding technique best suited for PD diagnosis. Wavelet processing on
identifying the original ® location of PD and in reconstruction of PD signal
without noise is presented. The demerits of the techniques are also
highlighted.

4.1 PDs generated in the laboratory

Figures 4-1a to 4-1c show the typical recorded signals in 20 ms period due to

three types of PD respectively using the laboratory measurement setup

described in chapter 3.
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(a) corona PD at 5kV (b) surface PD at 5kV (c) cavity PD at 9kV

Figure 4-1: Recorded corona, surface and cavity PDs

Figure 4-1 shows the characteristics of recorded PD modulated with 50 Hz and
other harmonics. PDs appear as “bursts” or “spikes”. Recorded corona PDs are
seen to occur mainly in the negative half of a voltage cycle. Since the peak to
peak 50 Hz and its harmonics magnitude is around 0.7 V, the 50 Hz and
harmonics core also seen clearly in (a). Surface and cavity PDs occur in both
positive and negative half cycles. Peak to peak magnitude varies up to 13 V for
surface PD and about 4 V for cavity PD. Surface and corona PDs occur in limited
phase angle period and the time interval between consecutive surface PDs is
longer in comparison with corona PDs time interval. In the next two sections, the
wavelet denoising methods to retrieve PD without distorting the time or @

location, and shape are presented.

4.2 PD detection using CWT
4.2.1 PD detection by the determination of CWT coefficients
In CWT, a selected mother wavelet undergoes various scaling (stretching) to

analyze different frequency components of a sampled signal. The derived results
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are in the form of correlation coefficients and are dependent on the type of
mother wavelet selected. Therefore, mother wavelets that are highly localized in
time domain and resemble an abruptly changing signal like a PD is selected.
After CWT, high CWT coefficients indicate a highly correlated result between the
selected wavelet and the extracted portion of the data. Coefficients of lower
values will be associated with background noises. Figure 4-2 shows the zoomed
view of a PD pulse embedded in a signal and the determined CWT coefficients to
illustrate the ability of CWT in capturing PD events and not the noise. The
dashed line denotes the original signal while the bold line is the extracted CWT

coefficients.

Zoom-in view of the PD pulse embedded

in the original 1.6ms distribution
0.03 4

Amplitude

(R

: : PDEpuIsfe capbturefd and
D02 feeeees o e ~approximated by CWT coefficients

201 ------- beoeoooes beooooe

00 i i I i I I i
0 0.5 1 15 2 25 3 35 4
time in micro-seconds

Figure 4-2: Variation of CWT
coefficients using mother wavelet Coif5
The same determination is done on figure 4.1 data using wavelet coif5. The

determined CWT coefficients with scale 1 and mother wavelet are shown in

figure 4-3.
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CWT coefficients at scale 1 CWT coefficients at scale 1
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2 4 6 8 W 12 14 1% 1 20 0 2z 4 6 8 W0 12 1 16 18 20
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(a) surface PD (b) cavity PD

Figure 4-3: Variation of CWT coefficients for surface and cavity PDs

The locations of maximum CWT coefficient denote the occurrence of dominant

PDs. The results depend on the selection of an appropriate wavelet to capture

PD events. Simple comparison with original data confirms that the CWT

coefficient distribution can be used to identify surface and cavity PD ® locations.

The evaluated peak magnitude of the coefficients does not vary linearly with PD

peak magnitude but the coefficient distribution in time/®/sampled point plane is

maintained.

4.2.2 Determination of the best fit wavelet of CWT for PD detection

In chapter 2, two methods of calculating the coefficient are introduced. In addition,

appropriate wavelets for PD detection are also presented. The two methods are

described below.

a) In the method 1, the correlation factor between the selected wavelet and
extracted PD pulses is used as determined CWT coefficients. The best fit

wavelet must capture correctly the exact @ location of PD pulses and must be
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able to show high coefficient values throughout the time duration of a PD
pulse while suppressing the coefficients associated with noises to very low
values.
b) In the method 2, the squared energy of the CWT coefficients is used to
determine the best fit wavelet. The best fit wavelet presents the highest squared
CWT coefficient values associated with PD and low squared coefficient values
associated with noises.

4.2.2.1 Determination of an appropriate wavelet for PD detection using
method 1

LHS of figure 4-4 shows a typical single PD with 4 sampled points. Wavelets db2,
db4, db6, db8, db9, db15, db20, Sym4, Sym8, blor6.8 and Coif5 shown in figure
2-4 are used for PD detection [89]. The best fit wavelet is the one that can
capture the location of PD occurrence while at the same time displaying high

coefficient values at these 4 sampled locations.

Extracted PD pulse Absolute Values of Ca,b Coefficients for a= 1 (Coif5)

scales a

Amplitude in volts

051 i i i i i i i i i i i i i i i

i 388 390 392 394 396 398 400 402 404 406 385 390 395 400 405 410
Sample point location time (or space} b
(a) Original single PD (b) Variation of coefficients within the

duration of PD pulse

Figure 4-4: Variation of CWT coefficients on single PD with Coif5
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Absolute Values of Ca b Coefficients fora= 1 (db15)
T T T T T T T T

scales a

| i | i i | | i
370 380 390 400 410 420 430 440
time {or space} b

Figure 4-5: Variation of CWT coefficients
on single PD with db15

Using other mother wavelets, distortion in location and magnitude is more. A
typical example of using an inappropriate wavelet db15 is shown in figure 4-5. A
satisfactory fitting is made in figure 4-4 by taking a scale factor, a =1 and mother
wavelet, Coif5.

4.2.2.2 Determination of an appropriate wavelet for PD detection using
method 2

The method 2 analyzes the PD distribution in 20 ms using coefficients to show
the increase in sensitivity of identification while the method 1 deals with individual
PD pulse to show the fitting. CWT is performed on the signal shown in LHS of
figure 4-6. The square of the CWT coefficient aids the identification of the
location of abnormalities as high CWT coefficient values are deemed to be
associated with PD events. Wavelets Coif5, Sym4 and Sym8 are found to predict
PD magnitude closely. Similar procedure is performed to obtain best fit wavelets
for the detection of corona and cavity PDs. Analysing the results using the two
methods, Coif5 is chosen because it captures the location of the PD pulses

better than Sym4 and Sym8.
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(a) Original PD distribution (b) Variation of coefficients with time
Figure 4-6: Variation of CWT coefficients in 20 ms with coif5 using method 2
423 Selection of Wavelet Scale

It is determined that surface and cavity PDs have higher frequency components

than that of corona. The scale of a wavelet in CWT is inversely proportional to

frequency i.e. low scale wavelet captures high frequency content in a signal and

high scale picks the low frequency content. Therefore corona and surface PD

pulses are found to exhibit different intensity of the CWT coefficients using

different wavelet scales. This is tested with the following data shown in figure 4-7.

Corona PD distribution in 1.6ms

Original surface PD distribution in 1.6ms

Cavity PD distribution in 1.6ms

Amplitude in volts
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Figure 4-7: Typical recorded single corona, surface and cavity PDs
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CWT coefficients are calculated by varying the scales from 1 to 10 and by using
wavelets db2, db4, db8, db15, db20, Sym4, Sym8, bior6.8 and Coif5. Typical
results on corona, surface and cavity are shown in figures 4-8a, 4-8b, and 4-8c
respectively. The used sampling rate is 125 Mega-samples per second with a
nyquist frequency of 62.5 MHz. Using the relationship between scale of a wavelet
and frequency as shown in equation 2.6 of section 2.4.2.2, it is found that using
lower scale of a wavelet i.e. scale 1.5 (which corresponds to about 58 MHz), only
surface and cavity PDs are detected independent of the types of used wavelet
(see figures 4-8b and 4-8c). At higher scale levels (scales 5 and 10), high CWT
coefficient amplitudes associated with corona bursts are observed (see figure 4-
8a). Therefore, the wavelet scaling in CWT is another important consideration
when analyzing different types of PDs. For the identification of the types of PD in
an unknown multi-sources PD, this technique is found to be an effective tool (see
section 6.2.4). One advantage of CWT over DWT is the flexibility in choosing
different scales for signal frequency components analysis. Usually, the CWT
uses continuous scales (i.e. 1, 2, 3....n) in order to observe for minute changes.
The DWT (see chapter 2) aims to reduce computational requirement of CWT by
breaking the original signal into frequency sub-bands (decomposition levels with

dyadic scales) using wavelet filters.
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Figure 4-8c: Determined CWT coefficients by changing scale of db9 wavelet
on cavity PDs

4.3 PD detection using DWT

PDs occur randomly in any measured signal. They are high-energy pulses

concentrated in short time duration. As for the noises, it can be seen from figures

4-1(a) to 4-1(c) that they exist in the entire duration of sampled signal. Noise

energy levels are lower than that of PDs. This energy difference between noises

and PDs is also reflected in the extracted amplitudes of the DWT coefficients. In

DWT, the coefficients are determined after filtering in various frequency ranges.

4.3.1 Determination of detail and approximate DWT coefficients

PD occurrences are detected by determining the DWT coefficients and locating

the high DWT coefficients. In DWT, high-pass and low-pass filters are employed

to determine the details and approximations of the measured signal. The details
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at the lower scale levels (i.e. d1, d2, & d3) are associated with high-frequency

components (i.e. d1 span in a frequency band of 0.25*Samplingrate to
0.5*Samplingrate due to Nyquist Frequency) of the measured signal. For PD

analysis lower scale level coefficients are extracted while the details at higher
scale levels are discarded. Figures 4-9 and 4-10 show the selected distribution of
coefficients with cavity and surface discharges respectively. In figure 4-9, S
represents the cavity PD distribution in 20 ms with 50 Hz harmonics sampled at 5
Megasamples per second. Using DWT, the signal is decomposed up to level 7.
The evaluated approximate coefficients a7 and detail coefficients d1, d3, and d7
are indicated in the figure 4-9. Dominant high coefficient values associated with
sampled locations of cavity PD are seen mainly at lower scale levels from d1 to
d3. Low frequency ambient 50 Hz and harmonics noise are seen in DWT
coefficient distribution shown in a7. This evaluation is also tested on surface PD
distribution shown in figure 4-10. Dominant high coefficient values associated
with sampled locations of surface PD are again seen at lower scale levels from
d1 and d3. DWT is unable to give the exact frequency components of a signal
but rather a band of frequencies that exists for a signal with time/sampled point.
Therefore, FFT are performed on the PD signals using larger number of points to

determine the frequency components in PDs.
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Figure 4-9: Evaluated DWT coefficients at levels 1, 3, and 7 on cavity PD
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Figure 4-10: Evaluated DWT coefficients at levels 1, 3, and 7 on surface

4.3.2 Effect of sampling rate on detail coefficients associated with PDs

When high sampling rate is employed, the locations of high values of detail
coefficients are seen to appear in higher detail levels i.e. d3, d5...etc instead of
starting from d1. Such observations again show that the frequencies that exist in

PD are reflected as high values of detail coefficients only at appropriate detail
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levels that have frequency bands similar to that of PDs. Figure 4-11 show a
signal containing a mixture of surface and corona PDs. It is sampled at a
sampling rate of 250 Mega-samples per second and high amplitudes of detail
coefficients connected with surface PD appear from d5 (frequency band ranging
from 15 MHz to 31 MHz) and above instead of at level d1 which covers a
frequency band from 62.5 MHz to 125 MHz. This is different from figures 4-9 and
4-10 which are sampled at 5 Mega-samples per second and corresponding

surface PD occurs at d1.
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Figure 4-11: Evaluated DWT coefficients on
surface and corona PDs sampled at 250 MS/s
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4.3.3 Recovered signal after denoising using DWT

Using DWT, the location of PDs can be identified by high detail coefficient values
at lower levels (i.e. d1, d2, etc). The usefulness of DWT lies on its ability to
denoise the sampled signals by simply chopping off the lower detail coefficients

which are associated with noises while retaining higher detail coefficients.
Signal (Y) = PD (S) £ NOISE (€) . euvuviiieiiii i (4.1)
Since WT is a linear transform [90], WT of (4.1) gives

WT(Y) S WT(S) F WT(€) «uenineneiie e (4.2)

It shows that there are coefficients associated with noises and the desired PD
signals after transform. Using the energy difference between PD and noise,
unwanted lower coefficients are discarded and higher ones are retained by
setting appropriate threshold values on the detail coefficients. Regrouping the
selected decomposed detail coefficients and then inverse transforming back to
the time domain, PD signal can be denoised effectively. Figure 4-12 shows the
denoised PD signal of the original signal shown in figures 4-1(a) to 4-1(c) by
grouping the detail coefficients. With the background noises cleared, there are
more “spikes” observed in the denoised signal than in the original signal. For all
the processing, signals are processed to a level at which spikes of high DWT

coefficients are obtained.
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Figure 4-12(a): Denoised Figure 4-12(b): Denoised Figure 4-12(c): Denoised

signal of figure 4-1a signal of figure 4-1b signal of figure 4-1c

Figure 4-12: Denoised signals by employing DWT for PD detection

4.3.3.1 Steps involved in DWT to denoise PD signals

Analysis using PD occurrence with ® is made easier after denoising. A few

essential steps in DWT are investigated during the denoising process.

a) The effect of selecting different mother wavelets for DWT analysis is done.

b) The effect of number of decomposition levels on the end denoised result is
studied.

c) The appropriate threshold values for chopping off the unwanted
background noises are determined. This step is found to be important as it
affects the end result directly.

d) A threshold estimation method to estimate the threshold values for the
detail coefficients may be selected. Four reported threshold estimation
methods Heursure, Sqtwolog, Rigrsure, and Minimaxi [91,92] for PD
analysis have to be investigated. This step is found to be necessary when

threshold values are based on developed algorithms.
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The effect of selecting hard and soft thresholding methods on the
denoised PD result is investigated.
Verification of the credibility of using DWT in PD analysis is made by
comparing magnitude, shape and location of the end result with the
original.
Selecting a wavelet to use in DWT
Various authors [93,94,95] suggest to use of appropriate wavelets for
different signal processing applications. The objective of selecting a
particular type of wavelet from the pool of available wavelets is that using
that wavelet, PD pulses are extracted from the noisy background without
much distortion. The PD pulses in the denoised signal must be able to
retain the shape, duration and amplitude of the original PD pulses. Among
the wavelets, the daubechies wavelets are the most popular one because
of their ability to detect abnormalities in signals. In this project, the effect of
using different orders of the daubechies wavelets (i.e. db2, db4, db9, etc)
and four other highly localized wavelets (sym4, sym8, bior6.8 and coif5)
for PD analysis are investigated. The reasons for the selection of these
wavelets are listed below.

1) Daubechies, symlets and biorthogonal family of wavelets meet the

PD characteristics on localization in time domain.
2) There is a need on regularity or smoothness of the wavelet. To
reconstruct the signal from wavelet coefficients the smoother the

wavelet, the better will be the reconstructed properties [96]. Higher
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order daubechies wavelets are found to be smoother than lower
order ones.

3) For PD, value of coefficients in the wavelet filters (high-pass and
low-pass) should be more. Higher order daubechies wavelets that
have high coefficients in their wavelet filters are highly localized in
time and frequency ranges [97].

A best fit wavelet in DWT can also be selected based on two methods used in
CWT. Method 1 uses the correlation between the original PD pulse and the
denoised PD pulse using DWT. Method 2 correlates the energy of the selected
detail coefficients got after denoising with DWT.

4.3.4.1 Obtaining the best fit wavelet for DWT using Method 1

Since DWT approximates the original PD signal with the selected mother wavelet,
the closeness of the shape of denoised PD pulse is compared to the shape of
original PD pulse by correlation. Also in 20 ms period, the occurrence time
location of PD is compared. The best fit wavelet is the one which retains the
shape and amplitude of the original PD pulse and retains the number of PDs in
20 ms period. Typical results for surface, corona and cavity PDs are shown in
figures 4-13, 4-14 and 4-15 respectively. Higher CC values mean better
correlation results.

Surface PDs

The daubechies wavelet db9 exhibits the highest correlation coefficient (CC) i.e.
it is able to retain the best approximation of the shape of the original PD pulse. In

addition, using db9, the denoised PD pulse is able to retain the amplitude of the
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original PD pulse. CC varies from 0.9044 to 0.9543 for different wavelets. The
typical distributions using db9 and Coif5 are shown in figure 4-13. Coif5 is found
to fit with CC of 0.9387. No difference in number of PD pulses extracted (35 in
number) by using db9 and Coif5. Other wavelets are found to perform either the
same or less optimum in number and shape of PD pulses extracted.
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Figure 4-13: Correlation between original and denoised surface PD
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Corona PDs

No significant difference in CC is seen on the fitted approximation results. All
wavelets exhibit almost the same value of correlation coefficients. For corona PD,
CC varies from 0.9973 to 0.9975 for different wavelets. The typical distribution

using db9 and Coif5 is shown in figure 4-14. Number of extracted PD pulses is

around 31 for different wavelets.
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Figure 4-14: Correlation between original and denoised corona PD
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Cavity PDs

The daubechies wavelet db4 is observed to exhibit the highest correlation
coefficient value of 0.8828. It is only slightly better in shape approximation of the
original PD pulse than db9 with CC of 0.8665. For cavity PD, CC varies from
0.8828 to 0.7422 for different wavelets. The typical distribution using db9 and
coif5 is shown in figure 4-15. Coif5 is found to fit with CC of 0.8576. No
significant difference in PD pulse extraction results is found for these wavelets

and others.
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Figure 4-15: Correlation between original and denoised cavity PD
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Other observations

All the wavelets presented here is able to give reasonably good correlation
results (i.e. cc > 0.7) and retain good shape approximation except that db9
performing slightly better than the rest. Appreciable results with predicted number
of PDs in 20 ms period and better CC with single PD are obtained when Coif5
and db9 are used.

4.3.4.2 Obtaining the best fit wavelet for DWT using Method 2

Noises are well spread along the sampled signal and their energies are also
spread out over the entire signal i.e not concentrated. Therefore after performing
DWT, their energies are seen to be distributed over the wavelet coefficients in
each decomposition level of DWT. PDs on the other hand exhibit high values of
the detail coefficients because their energies are concentrated in short duration.
Making use of such energy difference, the best fit wavelet is the one exhibiting
highest detail coefficient values associated with PDs while suppressing noise
coefficients at scale 1 (because scale 1 involves with the highest frequency
range) based on a sampling rate of 5 mega-samples per second. In this way, the
best fit wavelet makes the setting of the threshold value easier because of the
maximum value of the detail coefficients associated with PDs by the best fit
wavelet. Figure 4-16 shows the typical detail coefficient results at level 1 of an 8
levels decomposition tree using db9 and coif5 for surface PDs. The maximum
peak value of detail coefficient is found to be around -6 with db9 and -4.2 with

coif5.
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Figure 4-16: Method 2 — Detail coefficients at scale 1
for surface PD distribution using db9 and coif5

Figure 4-17 shows the typical detail coefficient results at scale level 1 of an 8
levels decomposition tree using db9 and Coif5 for corona PDs. The maximum

peak value of detail coefficient is found to be around 0.085 with db9 and 0.12

with Coif5.
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Figure 4-17: Method 2 — Detail coefficients at scale 1
for corona PD distribution using db9 and Coif5

Figure 4-18 shows the typical detail coefficient results at scale level 1 of an 8

levels decomposition tree using db9 and coifS for cavity PDs. The maximum
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peak value of detail coefficient is found to be around -1.65 with db9 and -1.1 with

Coif5.
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Figure 4-18: Method 2 —Detail coefficients at scale 1
for cavity PD distribution using db9 and Coif 5

It is found that the wavelets db9, sym8, bior6.8 and Coif5 are better in getting the
maximum coefficients associated with PDs while suppressing coefficients
associated with noises. However, no significant differences are seen between
them. Therefore, based on method 2, one of these four wavelets can be chosen
for DWT analysis. Other wavelets from the pool of selected wavelets (section
2.4.2 of chapter 2) also perform reasonably well but not optimum as compared to
the indicated four wavelets.

4.3.4.3 Comparison of the methods 1 and 2 used in DWT

Method 1 shows that the db9 wavelet is slightly better PD extractor in terms of
the shape and amplitude approximation of the individual PDs and number of PDs
in the original signal than the rest of the highly localized wavelets. However,
Coif5 wavelet is able to extract one more PD pulse from corona sampled data

(figure 4-13b) as compared to db9. Correlation results using Coif5 is satisfactory
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and comparable to that of db9 especially in terms of peak amplitude and PD
duration. Based on other obtained results, the rest of the highly localized
wavelets (indicated in section 2.4.2) besides db9 and Coif5 also perform
reasonably well but not to the best fit. Method 2 reveals that db9, sym8, bior6.8
and Coif5 give maximum detail coefficients at scale 1 associated with PDs while
suppressing detail coefficients associated with noises. Coif5 wavelet is identified
as the best fit wavelet by the two methods because it predicts the maximum
number of PDs and maintains the individual PD waveshape using method 1, and
gets maximum detail coefficient values by method 2.

4.3.5 Number of levels for Decomposition

The original signals in figure 4-1 is decomposed into coefficients at different scale
levels to detect abnormalities in each frequency ranges. The number of levels to
decompose the sampled signal during the denoising process is not as important
as the selection of threshold values. However, a decent decomposition level is
found to be essential as too low a decomposition level would result in a poorly
denoised signal with incorrect PD amplitudes. A decomposition level of 6 or 7 is
determined to be sufficient for detection of PDs. As the number of decomposition
level increases, it takes more computational time and memory and the end
results do not improve much. Matlab software encounters “Out of Memory”
problem for decomposition level of 8 and above when a sampled signal with 5

million sampled points in 20ms is analyzed.
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Figure 4-19 shows the typical denoised results of the original surface PD
distribution shown in figure 4-1b by changing levels from 2 to 12 even though the
analysis is done by incrementing one level at a time. The number of pulses
changes from 54 to 55 and the maximum peak changes from 6.8 V to 9.5 V for
the denoised surface PD distribution. Improvement in PD pulse extraction as the
number of level increases is not significant, but employing levels lower than 6
results in significantly lower maximum PD amplitudes which are a fraction of the
original maximum PD amplitudes. That observation is evident by comparing the
maximum PD heights obtained by using different levels (examples are shown in
figure 4-19) with the original surface PD distribution (figure 4-1b). Thus
decomposition levels lower than 6 are not selected for PD analysis. In addition,
improved denoised signals are achieved as the number of decomposition levels
increases. It is also observed that upon reaching level 6 and above, the number
of extracted PD pulses is the same i.e. saturates and the maximum number and
magnitude of PD peaks improve only slightly. The mentioned phenomena are
also observed on the original corona and cavity PD distribution shown in figures
4-1a and 4-1c respectively with different decomposition levels. Thus, for
application of DWT on PD detection, a decomposition level of 6 is sufficient to get

reasonable results.
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Slightly higher maximum PD pulse
height extracted using level 12
decomposition. Same number of PD
pulses extracted using level 6 and 12.

(a) 2 levels decomposition

(b) 6 levels decomposition
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(c) 12 levels decomposition

Figure 4-19: Denoised surface PD pattern by changing the number of levels of decomposition
4.3.6 Selecting an appropriate threshold value
This step is found to be the most important step for the application of DWT in PD
analysis because it directly affects the ability to obtain good denoised signals
which are essential for PD analysis. The process of denoising may lower the

original PD peak amplitude. However, with good selection of decomposition level

and threshold values, denoised PD peaks can be made close to the original. With
6 decomposition levels, appropriate threshold value is applied to the detail
coefficients at lower levels (i.e. 1, 2, and 3) as they contain information about the
high frequency components of the original PD signal. Maximum possible
threshold values are set for other higher levels so as to make them all to zero.
The modified detail coefficients are used to inverse transform back to time
domain to obtain the denoised signal. Figure 4-20 shows the use of Matlab

wavelet toolbox [98,99] to set the maximum possible threshold value for d4 to d6
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and pre-determined threshold value at levels 1, 2, and 3. The obtained denoised

signal denotes the number and locations of PD occurrences in the original signal.

Original details coefficients 40“'"“ Bnd de noed slgnale Data (Size] | sig (100001)
0.5 2 Wavelet | dh | g
dﬁ 1] I L e s O Level I 6
48 hN : Select thiesholdng method
3
1 6 |Foced form threshold ~~ ~ |
d5 0 vl imnarnevria & " solt &+ had
4 N 2 4 6 8 10 Select noise shuchae
) AN A x10* [Unscaled white noise ~ ~|
Lev Int Select Thiesh
dy o B T [N S Y
-2 i, SO VR, W 5 i «] b 1e11438
4 \ \ 4 b kd ] Iﬁ
3 b ~| a1 +lfo3s
3 = \ /—/f s B ey
: B 1 [ =]t ifosss
2 Setting threshold values high
d, gmmmmmmmmm e enough to set all coefficients Int. dependent thieshold settings |
2
from d4 to d6 to zero before
2 inverse transform back to time De-noise | I
5 domain
d.‘ 0 ===
5
2 4 [ 8 10
10t
Denoised Signal - Surface PD
10 T T T T T T
Sy
vwyy R Obtalned denolsed

; ,,s;gnal,,b,y,

Setting an appropriate threshold values for coefficients Ievel 1 detail coefﬂments |

relating with high frequency components of original at
levels 1 to 3 (i.e. d1, d2, d3) only

Amplitude in volts

time in ms

Figure 4-20: Screen to vary the threshold values for getting denoised signal
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4.3.6.1 Methods to set the threshold value
The threshold value can either be set manually or calculated based on algorithms
[100]. The objective of setting threshold value is to discard lower DWT coefficient
values while retaining higher ones at lower levels (i.e. d1 & d2). DWT coefficients
at higher decomposition are all set to zero (i.e. discarded). This is because PD
events being high frequency pulses reside at lower levels of the DWT
decomposition tree. It was noted that the PD pulses in the denoised signal (after
thresholding and inverse transformed back to time domain) were attenuated.
Therefore, they do not represent true PD amplitudes. True PD amplitudes can be
obtained from the original time domain signal. Although attenuation factor is
present, thresholding to obtain the denoised signal allow us to obtain the time
locations of PD events and that is the main purpose. Two methods are
investigated for the estimation of the threshold value to achieve good denoised
results. They are:
1) Manual setting of the threshold value and
2) Any one of the four popular reported and published automatic threshold
estimation methods [101]
4.3.6.2 Manual setting of the threshold value
Without relying on available threshold estimation methods, the threshold value
can be set to be higher than the “envelope” (or maximum amplitude) of the
coefficients associated with noise. Figure 4-21 which shows the surface PD
distribution in 20ms illustrates an example of determining the value of the

threshold based on the noise. Sampling rate of the signal containing surface PD
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is 5 Mega-samples per second. Dominant frequencies within the frequency band
(1.25 MHz to 2.5 MHz) of scale 1 of the decomposition tree of DWT exhibit high
coefficient values (see figure 4-21(b)). From the zoomed view of the DWT
coefficients at scale 1 shown as figure 4-21(c), the threshold value is set to 0.4
so as to chop off the lower coefficient values and retain the higher coefficient
values associated with PD events. Figure 4-26 shows the denoised signal after
executing soft and hard thresholding by using the desired threshold value.

Similar procedure is applied to the detection of corona and cavity PDs.
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Figure 4-21: Setting appropriate threshold values based on noise
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Besides writing program codes to extract the detail coefficients at the lower scale
level of a DWT decomposition tree, the Graphical User Interface (GUI) in the
Matlab wavelet toolbox can be utilized to adjust manually a threshold value for
the detail coefficients at scale 1 as shown in figure 4-22. The highest value of the
lower coefficients at scale 1 is noted down and the threshold level is set slightly
above that value. The rest of the coefficients at higher decomposition levels (i.e.
d4 to d6) are all discarded by setting a high threshold value as shown in figure 4-
20. The advantage of the manual method is that the end denoised signal is
shown on the same GUI page immediately after a threshold value is applied. In
this way, an appropriate threshold value can be determined.

Three scenarios are encountered when using the manual method to set a
threshold value for detail coefficients. They are:

1) Setting a rather high threshold value
2) Setting a threshold value lower than noise coefficient values, and

3) Setting an appropriate threshold value
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More spikes are observed in the denoised signal when a low threshold value is set. The
extra introduced residual noises can be identified by zooming and the typical shape can
be identified as noise. With high threshold level, number of extracted PDs may
decrease as only dominant PDs will alone be picked. Similar observation is made with
surface and cavity discharges. Comparing the maximum PD pulse height (about 0.15 V)
with the original corona distribution shown in figure 4-1a showed that obtained
maximum PD peak is close to that of the original which is about 0.17 V.

Selecting a threshold value for wavelet coefficients automatically

In a software program dealing with several sets of data, it would be tedious and time
consuming to set the threshold manually. Therefore, it is desirable to automate the
selection of threshold value for the wavelet coefficients at lower scale level. Without

using the four threshold estimation methods as depicted in section 4.3.6.3, a threshold

value 4 =G\/2*10gn of Donoho and Johnstone [102] was used. o is the standard

deviation of the wavelet coefficients at a chosen scale level and n being the size of the
data. Figure 4-24 shows the calculated threshold value of 0.23 by using the formula. In
this project, an automated threshold value is set to be slightly higher by rounding to the
first digit as i.e. 0.3. In this way, PDs are extracted from the noisy data (see figures 4-
23(a) and 4-26). The use of Donoho and Johnstone method to estimate the threshold
value for the detail coefficients was found to have almost similar results (in terms of the
number of PD pulses extracted) when compared to that of the manual method because
the threshold value can be set at any value by using manual method based on lower

coefficients associated with background noises.
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Figure 4-24: Setting appropriate threshold value automatically (Donoho and
Johnstone)

4.3.6.3 Four threshold estimation methods
Four types of threshold estimation methods are proposed by Donoho et al [103]. They
are:

1) Rigrsure — adaptive threshold selection using principle of Stein’s Unbiased

Risk Estimate (in short SURE)

2) Heursure — heuristic variant of the Rigrsure method

3) Sqgtwolog — universal threshold

4) Minimaxi — minimax threshold
Each method estimates an optimal threshold value for the detail coefficients at each
decomposition level based on their algorithms. In the manual method, only the
coefficients of lower levels i.e. scales 1, 2, and 3 are set with a threshold value while the
rest of the coefficients at higher levels are discarded by setting maximum possible

threshold values. PDs are high frequency pulses residing in lower levels of a
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decomposition tree. Therefore, the setting of optimal threshold values for higher levels
by these four estimation methods is not necessary as information about PDs do not
appear at those levels. Hence, these threshold estimation methods are not as flexible
as the manual method. Figure 4-25 shows the denoised corona PD distribution of the
original (see figure 4-1a) by using all the four threshold estimation methods to set

threshold values for the detail coefficients of a 6 level decomposition.
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Figure 4-25: Effect of different threshold estimation methods on denoised corona PD in 20ms
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From figure 4-25, it can be seen that the Sqtwolog threshold estimation method delivers
better denoised results than the other three threshold estimation methods. The
Sqgtwolog method is found to eliminate most of the background noises as compared to
the other three methods.

Comparing denoised results of the corona distribution (see figure 4-1) as shown in
figures 4-23 (a) (which is obtained by applying the manual and Donoho & Johnstone
method [102]) and 4-25 (obtained by the four existing threshold estimation methods), it
was found that the above two methods (Donoho & Johnstone [102] and manual) are
able to detect the true number of PD pulses as compared to that of the existing four
threshold estimation methods simply because the latter contains residual noises. Similar
observations are obtained for surface and cavity distributions. Table 4-1 show
quantitatively the number of PD pulses extracted for the corona, surface and cavity
discharge distributions as shown in figures 4-1 (a), (b), and (c) respectively by using all
six methods. From the table and based on consistent statistical results, it is concluded
that by using the manual and Donoho & Johnstone [102] methods correct number of PD

pulses are extracted.
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Therefore, in this work the threshold value is set manually based on coefficients of lower
values which are associated with noises or obtained by using the calculated value by
Donoho & Johnstone method [102] for the detail coefficients at lower scale levels of the

DWT decomposition tree.

Table 4-1: Number of pulses extracted for the corona, surface and cavity discharge signals
in 20 ms as shown in figure 4-1.

Threshold value estimation methods
Manual | Donoho & | Sqgtwolog | Rigrsure | Heursure | Minimaxi
Johnstone
Corona 13 pulses | 13 pulses | 13 pulses | > 1000 13 pulses | > 1000
(0.09) (0.0888 ~ | (0.096) pulses (0.093) pulses
round up (0.046) (0.069)
to 0.09)
Surface |22 pulses | 25 pulses | 31 pulses | > 1000 > 1000 49 pulses
(0.4) (0.3) (0.245) pulses pulses (0.175)
(0.105) | (0.105)
Cavity 4 pulses | 4 pulses 4 pulses > 100 4 pulses | 23 pulses
(0.3) (0.3) (0.242) pulses (0.235) (0.173)
(0.143)

Note: Estimated threshold value is given in the bracket

4.3.7 Hard Thresholding against Soft Thresholding

After the threshold value is determined, a thresholding method is used to perform the
“‘chopping-off’ the unwanted coefficients associated with the noises. Two types of
thresholding methods are investigated. They are the Hard Thresholding and Soft

Thresholding methods [104,105].
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Hard Thresholding

ooy = Y Y |> thr s
r) = » (4-
(Y, thr) 0 if Otherwise

Where:
Y contains the detail coefficients of signal after performing DWT
thr  is the threshold value
Operator D denotes the thresholding process.

From (4-3), detail coefficients that are lower than the threshold value are set to zero

while coefficients above the threshold value remain at their own values.

Soft Thresholding

sign(Y )(|Y|-thr) if Y|>thr
0 if Otherwise

D(Y,thr) = > (4-4)

From (4-4), detail coefficients below the threshold value are similarly set to zero but
coefficients above the threshold value do not retain their own values. They are
decreased i.e. they are subtracted by the threshold value. It has been found statistically
in this project that the soft thresholding technique output denoised signals of much
lower amplitude values than that of hard thresholding due to the shrinking effect of the
soft technique. Although the soft-thresholding method reduces the signal level in
comparison with the hard-thresholding, literature has shown that the resulting denoised

signal is smoother if the soft threshold filter is used [106]. However, for PD pulse-shape
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approximation, the smoothing effect of the soft-thresholding technique is not

significantly better than hard-thresholding. That argument is evident in figure 4-27.

Typical plots on surface PDs in 20ms as shown in figure 4-26 show that by applying the
hard-thresholding method, more PD spikes are observed and they have the absolute
amplitudes comparable to the absolute amplitude of original PDs. The soft thresholding
method shrinks some of the lower PD spikes to an amplitude level near to zero and
hence making them hard to detect by eye inspection. Similar observation is made with
corona and cavity PDs. To achieve better identification of PDs, the hard thresholding

method is selected during the denoising process of the original signals in this work.

Extracted PD pulses with lower amplitudes. Extracted PD pulses with

Some PD events are made less visible to amplitudes close to

eyes after the shrinking effect original.
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Figure 4-26: Effect of hard and soft thresholding on denoised surface PD distribution

In addition, employing the Hard-thresholding does not result in poor PD pulse-shape
approximation. Figures 4-27 (a), (b), and (c) show the approximations of each type of

PD by soft and hard thresholding respectively. It can be seen that there is not much
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difference in shape approximation of single PD pulse by both methods except for

magnitude difference.

S}OA Ul apnjiidwy
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(a) Approximation of single corona PD pulse by WT
Left — Soft thresholding; Right — Hard thresholding

S}OA ul apnyidwy

time in micro-seconds

time in micro-seconds

(b) Approximation of single surface PD pulse by WT
Left — Soft thresholding: Right — Hard thresholding
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Figure 4-27: Comparison of Soft thresholding against Hard thresholding on
approximation of single PD pulses

4.3.8 Obtaining the denoised signal by extracting and reconstructing the detail
coefficients

The detail signals constructed from the modified detail coefficients at lower scale levels
are also found to be useful for PD detection. The denoised signal should retain closely
the original PD amplitudes while the detail signal does not reflect true PD amplitudes.
The objective of using the detail signal is to obtain a quick estimation of the severity in
terms of number and ® locations of the PD occurrences. The detail signals are high
frequency representation of the original signal in time domain. Figure 4-28 illustrates the
constructed detail signals at level 1 for the 20ms distributions of the three discharges

shown in figure 4-1.
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Figure 4-28: Reconstructed detail signals at scale 1

From the plots, the time location of PD occurrences is “blurred” by the background
noises because the constructed detail signals are not denoised. However, the time
location of the occurrence of PDs, and the severity of the PDs can be estimated.

4.3.9 Comparison of the two transform techniques — CWT and DWT

The objective of using the transform techniques is to identify the time locations of
different PDs lying in a frequency band (time-frequency plots) for noise separation and
PD type identification. A better transform is the one which can detect the correct number
of PD pulses by indication of their presence with high coefficient values and ability to
capture true time locations of PD occurrences.

CWT and DWT coefficients associated with PDs in 20ms

Figures 4-29 (a), (d) and (g) show the recorded corona, surface and cavity PD signals
and noise with fabricated samples in 20ms period using the test setup shown in figure
3.1. Figures 4-29 (a), (b) and (c) show the corona PD distribution with the analysed
CWT and DWT coefficients respectively. Similarly figures 4-29 (d), (e) and (f) show the

results for surface PD and figures 4-29 (g), (h) and (i) show the results for cavity PD.
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Both techniques used wavelet db9 with scale 1. From the plots, it can be observed that
DWT represents PDs with higher coefficient values as compared to that of CWT which
are desirable for thresholding and PD identification.

Different types of PD can be detected with distinct scale level using a high sampling rate
like 250 Mega-Samples per second (5 million sampled points in 20 ms) as shown in
section 6.2.4 of the thesis in page 6-15. With limited sampling rate of 5 Mega-Samples
per second (100,000 sampled points in 20 ms), scale 1 is chosen because at this level
all three types of PDs can be detected as the frequency range lies in a band of 1.25

MHz to 2.5 MHz with that sampling rate.
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Fig 4-29: Variations of CWT and DWT coefficients associated
with corona, surface and cavity PDs in 20ms

CWT and DWT coefficients associated with PDs in 1.6ms

Using a higher sampling rate of 1.25 Giga-samples per second, single PD pulse shape
is more accurately captured. Then, both CWT and DWT are applied to detect the single
pulse. Figures 4-30 (a), (b), and (c) presented below show the approximation of an
extracted single corona PD by CWT and DWT coefficients at scale 2. Scale 2 with such
high sampling rate is chosen because corona PD is detected by CWT and DWT only
starting from that scale. Similarly figures 4-30 (d), (e), and (f) and (g), (h) and (i) show
that of cavity PD distribution at scale 1 and surface PD distribution at scale 1
respectively because of the bandwidth of the detected single PD. It can be observed
that dominant coefficients of DWT capture the time locations of all the three discharges
using a common scale for comparison. Figure 4-31 shows a blown-up view of CWT and
DWT coefficients variation with single corona, cavity and surface PD pulses.
Distributions shown in red colour are approximations of the original signal by WT,

whereas distributions shown in black colour are the original signal. It can be seen that
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coefficients tag closely to the time locations of the original corona pulse as compared to

that of CWT. Similar observations are obtained for variations of CWT and DWT

coefficients with surface and cavity pulses. Accurate detection of the time locations of

PDs is important for statistical analysis.
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(a) Zoomed in view of the variation of CWT and DWT coefficients associated with

single corona PD pulse at scale 4
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Comparing the results obtained in periods of 20ms and 1.6ms by CWT and DWT, it is
concluded that DWT is better than CWT in PD detection and approximation. Also, DWT
being less computational intensive is chosen as the tool for PD detection and noise
removal which are essential for statistical and single PD pulse analysis reported in
chapters 5 and 6.

4.3.10 Identifying PDs from high frequency noises

One limitation of applying DWT for PD detection is found from the obtained denoised
results. Figure 4-32 shows a case of high frequency noise picked up and approximated
by DWT. A PD is seen to have much higher amplitude than high frequency noise and
the background signal. In addition, the shape of the noise spike in the denoised signal is
found to be different from that of the PD spike. Difference in shape and amplitude is

used to identify true PDs from noise.

Approximation of the original signal by DWT Approximation of the PD pulse by DWT
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Shape of the spike indicating noise is

different from the spike indicating true PD
and such difference in shape can be used
when performing the correlation analysis.

Figure 4-32: Shape approximation of PD and noise by DWT

4-51



ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

Chapter 4 — PD detection using Wavelet Transform

The procedure can be as follows:

1)

2)

3)

4)
4.4
1)
2)

Firstly, the locations of “spikes” or “bursts” in the denoised signal are recorded

down.

With the knowledge of the time location of the first spike in the denoised signal,

the original signal at the same time location is zoomed and the shape of small

portion of the original signal is extracted out.

The extracted portion of the original signal is related to PD or noise by

a) Using the amplitude and shape difference between PD and high frequency

noises and

b) Correlating with known shape of each type of PD

Spikes which are found to be high frequency noises are discarded i.e. set to zero.

Summary

Both CWT and DWT are found to be useful in PD detection.

A highly localized wavelet like the Coif5, daubechies (db9) , Symlets, and
Biorthogonal families of wavelets are effective in picking up PDs. Scaling of
wavelets is important when CWT is applied to detect PDs. Different scale

levels of a wavelet are used to identify corona PDs from surface and cavity

PDs using CWT.

In CWT and DWT, the selection of a best fit wavelet is based on two methods

described in sections 4.2.2.1, 4.2.2.2, 4.3.4.1 and 4.3.4.2, and proper wavelet

scale, and the extracted PD should satisfy the following points.
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a) Using the selected wavelet, the spikes in the denoised signal must be able
to give good approximation of the shape of the single PD especially same
pulse width as the original individual PD.

b) Using the selected wavelet, the spikes in the denoised signal must be able
to retain the true amplitudes or comparable amplitudes of the PDs in the
original signal.

c) In 20 ms, it should retain the number of PDs

d) It should get high coefficient values at the desired scale to apply
thresholding properly.

DWT is found to have less computational time and less memory intensive than
CWT. The detail signals at lower scale levels obtained by reconstructing the
detail coefficients offer a useful way to estimate the occurrence and severity of
PDs in measured signals.

Four main steps to denoise any signal containing PDs using DWT are:

a) The selection of a best fit wavelet (db9 and Coif5 in PD extraction are found
to be the best).

b) The number of decomposition levels to be used (level 6 or 7 is found to be
sufficient for PD applications)

c) The threshold value to be used (The manual method is found to be more
flexible in estimating threshold value without loosing PD signals)

d) The thresholding method to be used (Hard thresholding is found to be better

than soft thresholding method)
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5) The “Shape and Amplitude comparison method” is found to be useful in
identifying PDs from high frequency noises.
To conclude this chapter, it is planned to use DWT for further PD denoising and
identification since it uses dyadic scales of the mother wavelet resulting in lower
computational requirements. Unlike DWT, CWT employs continuous scales (i.e. 1, 2, 3,
4,....n) and thus is good for observing for minute changes in the coefficients when the
scale is increased by an increment of 1. By using a sampling rate with a nyquist
frequency higher than a pure PD (i.e. surface, cavity, or corona) and employing a
continuous scale of 1 to 10 of the mother wavelet for CWT analysis, surface PDs were
found to exhibit high derived CWT coefficients at a lower scale level than that of corona
PDs (see section 4.2.3). Therefore, CWT will be used for identifying corona from

surface PDs in a mixed-sources signal which will be presented in section 6.2.4
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Chapter 5

Group and Single PDs Analysis

5.1 A brief overview

This chapter presents the computational analysis on single source PD signal
recorded in the laboratory. Characteristics of PD are extracted by analyzing the
statistical random occurrence of PD in 20 ms period known as group PD analysis,
and by extracting with more number of sampled points and analyzing single PDs
occurring in 1.6 ms period known as single PD analysis.

In group PD analysis, the statistical distribution of PD magnitude (q) with
phase (¢) over several voltage cycles is analyzed for each type of PD and
compared to the standard normal distribution. In single PD analysis, time domain
characteristics of single PD peak magnitude, shape and pulse duration, and
frequency domain characteristics like FFT content and its magnitude are
extracted for each type of single PD.

The obtained results are used for the identification of the types of PD
embedded in a mixed-sources signal (i.e. a signal which contains both corona
and surface PDs, or any other combination of studied 3 PDs occurring

simultaneously) reported in next chapter.

5.2 Group PD Analysis
PDs occur randomly across a voltage cycle. The statistical occurrence of PD in

20 voltage cycles is analysed to obtain the scientific features of PD. The
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objective of group PD analysis is to investigate ¢ and q distribution of each type
PDs occurrence in 20 cycles. Removal of background 50 Hz frequency noises is
done by the DWT denoising technique prior to the group PD analysis. In ¢
distribution, the voltage cycle is chopped into 360 windows so that each ¢
window width is one degree. Within each window, the mean, and maximum
magnitudes of PDs are calculated. This is repeatedly done for 20 voltage cycles.
The calculated results are plotted against the corresponding ¢ of the voltage
cycle. Similar to ¢ windows, q distribution in magnitude window is analysed. The
magnitude axis is divided into 50 magnitude windows and the number of PDs (n)
lying within each magnitude window is determined and plotted for grouped 20

voltage cycles. The following distributions are analysed:
a) qvso

b) Qmean VS ¢

c) Omax VS ¢

d) nvs ¢
e) nvsq
f) Cumulative number of PDs vs q

(weibull parameters are determined from cumulative distribution plot)

g) Cluster analysis using Aq and A¢ distribution
5.3 Results of group PD Analysis
The 7 analyses indicated above may be grouped depending on the selected

parameters.
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5.3.1 Phase distribution of corona PD

It is well known [107,108] that corona PD occurs in negative half of 20 ms cycle.
After denoising 20 of 20 ms data and phase referencing, the PD data is analyzed.
Figure 5-1 shows the distribution of original q with ¢, averaged q in the 1° window

with ¢, maximum q in the 1° window with ¢, and number of PDs in the 1° window

with
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Figure 5-1: corona PD occurrences in 20 ms period at 5 kV
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Corona PDs are seen to clutter mainly in the negative half of the voltage cycle
and the separation between consecutive corona pulses is small. This unique
behaviour can be explained from the fact that electrons being mobile and much
lighter than positive ions gain kinetic energy rapidly from high electric field
generated by HV [109]. In addition, the outside surface of the air molecule is
made up of electrons and hence, high electric field cause electrons to break off
from the air molecule leaving behind the positive ions. During the negative cycle
of the AC voltage, corona causes the electrons to propagate away from needle
and thus create more electrons through molecular collisions. Therefore, negative
corona appears as numerous small pulses crowded in ® from 200° to 330° as
seen from the superimposed plots. The magnitudes of corona PDs are almost
constant and low around 100mV to 170mV. Maximum number of occurring

pulses is around 7 with ® = 250°.
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5.3.2 Phase distribution of surface PD

Similar to the analysis on corona PD, analysis on pure surface PD is done as

shown in figure 5-2.
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Figure 5-2: surface PD occurrences in 20 ms period at 5 kV
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Unlike corona discharges, surface PD pulses occur from 0° to 80° in positive half
cycle with a peak magnitude of 10.5 V and from 180° to 260° in negative half
cycle with a peak magnitude of 8.5V. Mean value of peak reduces to 2.3 V.
Maximum number of occurring PDs are 20 in positive half cycle and 12 in
negative half cycle. The peak magnitude of surface discharges is much higher
than that of corona. The shape of the phase distribution in the positive half cycle
is similar by visual inspection to that of the negative half cycle. However, these
shapes do not follow the standard normal distribution.

5.3.3 Phase distribution of cavity PD

Figure 5-3 shows the cavity PD distribution at 9 kV. Cavity PDs are seen to occur
in both positive and negative half of a voltage cycle like surface PD. However,
the amplitudes of cavity PDs are lower than that of surface PDs but are seen
higher than corona PDs. Unlike surface PD, the shape of the phase distribution in
the positive half cycle is not similar to that of the negative half cycle for all the
four distribution plots. In addition, the shape of the phase distribution in the
positive half cycle for all four distribution plots is more similar to the standard
normal distribution. PD occurs for longer period. During positive half cycle, it
occurs from 10° to 80° while in negative half cycle, it occurs for longer period
from 190° to 330°. The peak magnitude in both half cycles is around 5 V. The

maximum number of PD is 11 occurring at ¢ = 50° and 13 occurring at ¢ = 240°.
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5.3.4 Statistical operators to quantify PD distribution in 20 ms

The shape of the phase distribution in positive and negative half cycles of the PD
occurrence may be quantified by using statistical operators like skewness,
kurtosis and cross-correlation. These statistical quantities numerically describe
the closeness of the shape to a standard normal distribution and are used for

identifying the characteristics of each type of PD.

5.3.5 Results on Sk, Ku, and CC

For each type of PD distribution (g-®) in 20 ms shown in figures 5-1 to 5-3 , the
statistical operators Sk, Ku and CC described in section 2.5 are determined in
each half of ac cycle. The deviation of the phase distribution from the normal
reveals the characteristics of each type of PD. Figure 5-4 shows the bar graph of
the variation of Sk and Ku in both half cycles using mean, maximum and number

distribution on corona PD.
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Skewness & Kurtosis on the phase
distribution plots of Corona PDs
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Figure 5-4: Variation in Sk and Ku using g-® and g-n data on corona PD

Corona PDs are found to exhibit dominant negative Sk and Ku for the mean and
maximum distribution plots. That implies that the mean and maximum
distributions are asymmetric to the right and flatter (less peaked) when compared
to the shape of a standard normal distribution. In addition, corona PD has
absolute Sk values greater than unity for all the phase distribution plots (mean,
maximum, and number) implying more deviations away from a normal
distribution. However, the Ku values for all three distribution plots are near to
zero implying closeness to a normal. With number, it is always positive indicating
asymmetry to left with sharp peak. Since corona occurs mostly in negative half

cycle, there is no cross-correlation factor.
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Similar analysis is made on surface PD distribution. Figure 5-5 shows the bar
graph of the variation of Sk and Ku in both half cycles using mean, maximum and
number distribution on surface PD. Surface PDs are observed to exhibit positive
Ku in the positive half cycle and negative Ku in the negative half cycle for all the
three phase distribution plots. This implies that the shape of PD distribution in the
positive half cycle is sharper (more peaked at the centre) than a normal
distribution while the shape in the negative half cycle is flatter than a normal
distribution. For maximum and number plots, Sk is positive in both half cycles
indicating asymmetry to the left. Computed CC for mean, maximum and number
distribution between positive and negative half cycles are 0.47, 0.49 and 0.66

respectively indicating the existence of some correlation.
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distribution plots of Surface PDs
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Figure 5-5: Variation in Sk and Ku using g-® and g-n data on surface PD
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The analysis is extended to cavity PD distribution. Unlike surface and corona
PDs, the shape of PD distribution of cavity PDs are the closest to a normal
distribution as denoted by the low Sk and Ku values (see figure 5-6). In addition,
cavity PD exhibits positive Sk for all its phase distribution plots (Mean, Maximum,
and number). It implies that the phase distributions are spread more towards the
right of the mean (asymmetric to the left). This is quite opposite to that of corona
PDs. The shape of the phase distributions in the positive half cycle does not
correlate well with the shape in the negative half cycle for all the three PD plots.
Computed CC for mean, maximum and number distribution between positive and

negative half cycles is 0.1, 0.1 and 0.13 respectively indicating the poor

correlation.
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Figure 5-6: Variation in Sk and Ku using g-® and g-n data on cavity PD

5-11



ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

Chapter 5 — Group and Single PDs Analysis

5.3.6 Factors affecting statistical results

Several factors may result in different statistical results like different shapes of
the phase distribution for each type of PD. For example, varying physical
dimensions (i.e. dimensions of needle and cavity) and types of materials used,
ambient temperature and humidity fluctuation, loading conditions, distortion in
propagation path etc. But it may indicate a rough indication of the type of
developing PD.

5.3.7 Variation of n with q

Next series of analysis is done to know the PD activity in terms its magnitude and
the number of occurrence. Using the maximum magnitude as reference, the
magnitude axis (in volts) is “chopped” into 50 magnitude windows. Number of
PDs that fall into each magnitude window during positive and negative half cycles
is determined and plotted as shown in figures 5-7a to 5-7e. A resolution higher
than 50 can be used but the clarity is found to improve only slightly and it takes
up more time and computational resources. Therefore, a resolution of 50

magnitude windows is used.
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Figure 5-7: Variation of n with q and statistical operators
As seen from figure 5-7, surface and cavity PDs are distributed with long tail in
their magnitude ranges. Magnitude of surface PDs varies from 500mV to about
9000mV at an applied voltage of 5kV, cavity PDs range from 250mV to 5500mV
using an applied voltage of 9kV and corona PDs cover a much lesser magnitude
range from 90mV to 170mV at 5 kV. The calculated Sk and Ku values for corona,
surface and cavity PDs are indicated in the figure. It is positive for surface and
cavity PD distributions indicating asymmetric distribution to the left. For corona,
value of Sk is negative and low in magnitude (very close to zero) indicating the
small asymmetric distribution to the right and very close in shape to a normal as
compared to that of surface and cavity PDs. On the other extreme, g-n
distribution profiles of cavity PDs in both positive and negative half cycles exhibit
the highest positive Sk values implying more deviation away from a normal
distribution and having wide distribution spread to the right (i.e. long tailing to the

right). Sk values for g-n distribution profiles of surface PDs are close to that of
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cavity PDs indicating similar distribution pattern but to a slightly lesser extent.
Therefore, it is possible to identify corona PDs from surface and cavity PDs in an
unknown single source signal by knowing the Sk values of their g-n distribution

profiles also.

Ku for corona PDs is negative and at minimum when compared to that of
distribution profiles of surface and cavity PDs indicating g-n distribution profile is
less peaked and has short tails. Its distribution profile is also deviated away from
a normal distribution. Ku values for g-n distribution profiles of surface and cavity
PDs in both positive and negative half cycles are positive indicating more peaked
distribution and have some long tailing as compared to that of corona distribution.
Ku values for surface and cavity distribution profiles are high indicating more
peaks and long tailing in the nature of plots. Again, it is possible to identify
corona PDs from surface and cavity PDs in an unknown single source signal by

knowing the Ku values of their g-n distribution profiles.

It is found that the Sk and Ku values for corona g-n distribution profile in
the negative half cycle are negative and significantly low in magnitude than that
of the g-n distribution profiles of surface and cavity PDs (which exhibited positive
and larger Sk and Ku values during negative half cycle). Hence, it is concluded
that by knowing the magnitude and polarity of the Sk and Ku values for the g-n
distribution profile of an unknown single-source signal, it may be possible to
identify the presence of corona PD. Unfortunately, we cannot rely on the Sk and
Ku quantities to identify surface from cavity PDs because they exhibited close

range of those values.
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5.4 Weibull distribution

5.4.1 Weibull fitting on q-cumulative n distribution profiles

Weibull distribution of q with cumulative n is used to identify and characterize the
type of PD. The variation of cumulative number of PDs against the magnitude is
fitted to a 2-parameter weibull distribution model discussed in section 2.3.1.3.
The beta (B)-shape parameter and alpha (a)-scale parameter are determined
from the weibull fitting. The B value is used for the identification of the type of PD
present in a sampled signal because each type of PD exhibits a unique range of
B values [110,111]. Figure 5-8 shows the typical weibull distribution with q and
cumulative n for corona, and the fitted a is 132.5 and B is 10.72. Figure 5-9
shows the typical fitted a as 395 and 3 as 2.1 for surface PD while Figure 5-10

shows the typical fitted a as 533 and B as 2.9 for cavity PD.

Cumulative distribution of the no. of corona PDs against magnitude 27
Py — ,
[= H H H H H ' + H H
P I 1
0T T
o . / P = 0]
i H ' ' i i ~
% H ' :f(: i L

60 foeeeet T !

H H b H - -

Eﬁu P f ; = ! Beta (Shape parameter) = 10.72
%w : sfs - , Alpha (Scale parameter) = 132.5
3 : B : o) 2
= S
8 alf .
s ,e/ | U T ———
5 nf N 4 ‘
o 'l | | 'l 'l | i i |

100 10 120 130 140 150 160 170 180 190 200 3 4 5 6 7

Magnitude in my

) Log(voltage magnitude)
% Cumulative number of corona

PDs against magnitude

Figure 5-8: Weibull distribution with g-cumulative n on corona PD
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Figure 5-9: Weibull distribution with g-cumulative n on surface PD
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Figure 5-10: Weibull distribution with g-cumulative n on cavity PD

Weibull B value for corona PD is found to be much greater than that of surface
and cavity PDs. The computed value for corona PD is consistently greater than
10 and indicating steeper Weibull slope. For surface PD, weibull 8 value is found
to be the lowest in the range of 1.5 to 2.5 based on the data collected. For cavity

PDs, weibull B value is not the lowest but is slightly greater than that of surface
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PDs and found to lie in the range from 2.5 to 5 based on the processed data. The
scale parameter a is estimated to be the highest for distribution profile of cavity
PD distribution followed by surface with a = 395 and then corona with a =132.5. It
closely agrees with the earlier work [112,113]. Goodness of straight line fitting in
figures 5-8 to 5-10 indicates that the recorded PDs are from single or pure PD
source. The estimated parameters are used for the identification of the type of
PD source in future unknown PD occurrence.

5.4.2 Weibull fitting on ®-cumulative n distribution profiles

Weibull fitting is also performed on the ®-cumulative n distribution profile of each
type of PD. The period (180 degree) of the positive and negative half cycles of an
ac voltage cycle is chopped into 60 phase windows, and within each phase
window, the percentage of cumulative number of PDs is calculated. This is done
on 20 voltage cycles. The ®-n distribution profile of each type of PD is shown in
sections 5.3.1 to 5.3.3. Figures 5-11 to 5-15 show the weibull fittings on the ®-
cumulative n distribution profiles for the three types of PDs. The results of weibull
fitting on ®-cumulative n distribution profiles reveal identical outcome on the
ranking of beta values for each type of PD i.e. the B of corona PD is maximum in
value, followed by cavity and then surface PDs. ®-cumulative n distribution
profile of corona PDs exhibit weibull a and B values of 274.61 and 12.05
respectively. Cavity PDs exhibit a and 8 values of 50.175 and 2.086 respectively
during positive half cycle and a and B values of 257.92 and 8.1 respectively

during negative half cycle. Surface PDs exhibit the lowest a and  values of
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43.86 and 1.47 during positive half cycle while showing a and B values of 246.92

and 7.65 during negative half cycle.

The weibull analysis with ® and cumulative n is to be researched further as
linear fit may not be adequate and the fitting gives different values during positive

and negative half cycles giving more characterizing parameters.
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Figure 5-11: Weibull distribution with ®-cumulative n on corona PDs — Negative half cycle
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Figure 5-12: Weibull distribution with ®-cumulative n on Cavity PDs — Positive half cycle
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Figure 5-13: Weibull distribution with ®-cumulative n on Cavity PDs — Negative half cycle
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Figure 5-14: Weibull distribution with ®-cumulative n on Surface PDs — Positive half cycle
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Figure 5-15: Weibull distribution with ®-cumulative n on Surface PDs — Negative half cycle

5.5 Cluster analysis of PD

The calculated sequential amplitude and time changes (AV & At) between
consecutive PD pulses within a voltage cycle, and repeated over 20 voltage
cycles reveal how AV is statistically changing with corresponding change in At
sequentially. Different cluster patterns for each type of PD are found. The
diagram in figure 5-16 shows the scenario of getting AV and At. AV is the
sequential change in the amplitudes of PD pulses and At is the corresponding

sequential change in the time locations between consecutive PD pulses.
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Figure 5-16: Extraction of AV and At occurrence of consecutive PDs

AV =[AV,,AV,, AV,......... ]

At=[At,At,, At,......... ]

Four types of cluster distributions are calculated and plotted.

a) Variation of AV against At over 20 voltage cycles.

b) Variation of AVn against AVn-1 over 20 voltage cycles.

c) Variation of Atn against Atn-1 over 20 voltage cycles.

d) Variation of A(AV) against A(At) over 20 voltage cycles.

Characteristic cluster patterns for each type of PD are observed.

5.5.1 Variation of AV against At in 20 voltage cycles

Figure 5-17 shows the obtained result of computed AV against At in 20 voltage
cycles for corona PDs. Corona pulses occurring in negative half cycle have very

small AV and At spread of 0.08 V and 1.4 ms respectively.
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Figure 5-17: Variation of AV with At for
corona PD at 5 kV (negative half cycle)

Figure 5-18 shows the obtained result of computed AV against At in 20 voltage
cycles for surface PDs. Surface PD pulses occurring in positive and negative half
cycles have very wide AV and At spread of 8 V and 3.8 ms respectively. 8 to 10 V

wide and dense AV cluster decreases to 2 V in a At of 0.5 ms.
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Figure 5-18: Variation of AV with At for surface PD at 5 kV
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Figure 5-19 shows the obtained result of computed AV against At in 20 voltage
cycles for cavity PDs. Almost identical cluster patterns between positive and
negative half cycles is noticed. It is more densed and scattered in negative half
cycle compared to positive half cycle. Cavity PD pulses occurring in positive and
negative half cycles have moderate AV spread of 5 V and At spread of 4ms
which is comparable to that of surface PD distribution. In positive half cycle, 5 V
range of AV decreases to 2 V range in At of 0.5 ms. In negative half cycle, 5 V

range and AV decreases to 2 V range in At of 0.8 ms.

d¥ in volts
dV in volts

? 25 3 35 4 45
dtinms dtinms

Plot of AV vs At (positive half cycle) Plot of AV vs At (negative half cycle)
cavity PD (9 kV) cavity PD (9 kV)

Figure 5-19: Variation of AV with At for cavity PD at 9 kV
5.5.2 Variation of AVn against AVn-1 in 20 voltage cycles
The difference in voltage amplitudes between consecutive n pulses is determined.
A plot of AVn against AVn-1 reveals the characteristic pattern for each type of PD.
AVn=V(n+1)=V(n)and ... (5.1)

AVn-1 = V(n) - V(n-1)
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Figure 5-20 shows the plot of AVn-1 against AVn for corona PD. Corona pulses
tend to clutter around the origin with pulses spread quite uniformly in the four
quadrants and covering small parameter range of 0.05 V. It suggests that scatter

in corona discharge magnitude is uniform and minimum.

d[vn) in volts

Plot of AVn vs AVn-1
(Negative half cycle)

02
02 015 04 005 0 005 04 045 02
d{Vn-1}) in volts

Figure 5-20: Variation of AVn-1 with AVn for corona PD at 5 kV
Figure 5-21 shows the plot of AVn-1 against AVn for surface PD. Surface PD
pulses appear to scatter more freely in the four quadrants during positive and
negative half cycles than that of corona PDs. The scatter in surface discharge
magnitude is significantly larger than that of corona PDs and appears to be less
uniform. The distribution is more concentrated in the fourth quadrant up to 5 V
and to a lesser degree in second quadrant. It appears that out of 3 consecutive

pulses, the starting and ending PDs have less magnitude.
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Figure 5-21: Variation of AVn with AVn-1 for surface PD at 5 kV

Figure 5-22 shows the plot of AVn-1 against AVn for cavity PD. It is quite similar
to surface cluster patterns. Cavity pulses also appear to scatter more freely in the
fourth and second quadrants during positive and negative half cycles than that of
corona PDs. The scatter in cavity discharge magnitude is also significantly larger
than that of corona PDs but to a lesser extent when compared to surface
distribution. It also appears to be less uniform. The distribution is more

concentrated in fourth quadrant up to 3 V and in second quadrant up to 2V.
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Figure 5-22: Variation of AVn with AVn-1 for cavity PD at 9 kV

5.5.3 Variation of Atn against Atn-1 in 20 voltage cycles

Similar to AVn against AVn-1, the distribution due to differences between times of
statistical occurrence of consecutive n PD pulses is investigated. Atn and Atn-1
are determined by (5.2). Plots of Atn against Atn-1 for each type of PD are shown
in figures 5-23 to 5-25.

Atn =t(n+1) —t(n)and (5.2)

Atn-1 = t(n) — t(n-1)

Cluster pattern derived from the plot of Atn against Atn-1 for corona PDs indicate
that the sequential time separation between consecutive pulses is the lowest as
compared to that of surface and cavity PDs. Time separation between
consecutive corona pulses are seen to reside mostly within 1ms range in both
axis. In addition, another minor distribution with a maximum Atn and Atn-1 spread
of about 1.4ms is also observed. No significant difference in time separation

between consecutive pulses is seen for surface and cavity PDs. They both have
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more distributed Atn and Atn-1 spread as compared to that of corona PDs.
Maijority of the cluster lie in a time duration of 0.5 ms. The maximum spread of
Atn for surface and cavity PDs is close to 4ms and as for Atn-1, it is less than
3ms. The first 2 consecutive pulses of 3 occur in short time. More scatter is
noticed in negative cycle for cavity distribution. Surface distribution exhibits

almost identical scatter during positive and negative half cycles.
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Figure 5-23: Plot of Atn vs Atn-1

for corona at 5 KV
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Figure 5-24(a): Plot of Atn vs Atn-1 Figure 5-24(b): Plot of Atn vs Atn-1
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Figure 5-24 Variation of Atn with Atn-1 for surface PD at 5KV
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Figure 5-25 Variation of Atn with Atn-1 for cavity PD at 9 KV

5.5.4 Plot of A(AV) against A(At)

The resultant change in amplitude separation between derived consecutive n
amplitude separations against the resultant change in time separation between
derived consecutive n time separation (equation 5.3) also reveal the

characteristics patterns of each type of PD.
A(AV) = AVn - AVn-1and = ---------m-m-m--- (5.3)
A(At) = Atn — Atn-1

Distribution of corona PD is found to be densely crowded near the origin while
that of surface and cavity are spread more along both A(AV) and A(At) axes.
Figure 5-26 shows A(AV) of corona pulses remain well within 0.1 Volts absolute
and A(At) of the majority pulses remain in less than 1 ms absolute. Corona
pulses clutter close to the origin in a round shape which is quite similar to the

previous AVn-1 against AVn plot
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Figure 5-26: Variation of A(AV) with A(At) for corona PD at 5 kV

Figure 5-27 shows the scattered wide distribution spread of surface PD pulses
with A(AV) extending to about 6 V and A(At) within 2 ms absolute. A(AV) and A(At)
scattered distribution of cavity PD pulses are quite similar that of surface PDs
and is shown in figure 5-28. It can be seen that the A(AV) extend to about 6 V
and A(Af) within 3 ms absolute. Therefore, the plots of A(AV) and A(A?)
distribution of each type of PD can only be used to separate corona PDs from
surface or cavity PDs. This method cannot be used to separate surface from

cavity PDs since they have quite similar distribution quantitatively.
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Figure 5-28: Variation of A(AV) with A(At) for cavity PD at 9 kV

(positive half cycle)



ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

Chapter 5 — Group and Single PDs Analysis

Cluster analysis using AV with At, AVn with AVn-1, Atn with Atn-1 and A(AV) with
A(At) clearly indicates the difference in cluster occurrence pattern of different
types of PD. In general, cluster analysis can be used to identify corona PDs in an
unknown single-source signal because corona exhibits consistently small voltage
and time amplitude spreads in all the cluster plots i.e. corona distribution is
always cluttered around the origin. However, cluster analysis may not be able to
deduce occurrence of surface or cavity PDs in an unknown single-source signal if
larger amplitude spreads of the four types of cluster plots are obtained, because
cavity and surface PDs have close spread in those quantities. After
characterizing the PD random occurrence in 20 ms period, the characterization of
individual PD waveshape is taken up.

5.6 Individual PD pulse Analysis

The objective of individual pulse analysis is to determine the unique
characteristics of each type of PD pulse individually. Four dominant
characteristics of each type of PD pulse are of interest for classification. In time
domain, the shape of each type of PD pulse, pulse width and peak magnitude
are compared. In frequency domain, characteristic frequencies at which
resonance occurs and the corresponding resonance voltage magnitudes are

compared.

High sampling rate of the digital oscilloscope at 1.25 GSamples per
second is used to capture the details of individual PD pulses. In this work, as
described in chapter 3, 8 ns/sampling points is used. DWT is utilized to remove

the background noises, and to determine the time location of PD. Then using the
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time location of PD, the shape of each type of individual PD is extracted from the

original recorded data.

5.6.1 Time domain characteristics of each type of single PD pulse

From 1.6ms data, single PD is extracted. Corona PD pulses are non-oscillatory
and corona pulse decays to signal background level with a smooth tail. For
corona PD, it appears like a double exponential waveshape with pulse width
duration of about 1 us as shown in figure 5-29. By increasing voltage, the peak
magnitude of 0.44 V or shape does not change much. The polarity of the pulse is
negative. There is some dc offset in the recording. The corona PD pulses were
extracted from the original time domain signal by using the locations of them

detected by WT and not WT approximations of the original corona PD pulses.

The same PD pulse extraction method applies to the following surface and cavity

PD pulses.
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Figure 5-29: Shape of corona PD by changing voltage
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Surface PD pulse is oscillatory. It looks like a sharp pulse with fast decaying
oscillation as shown in figure 5-30. By increasing voltage, the shape does not
change. But the peak to peak magnitude increases at a fast rate from 0.75 V to
11 V for the applied HV change from 3 kV to 5 kV. The duration of the pulse
increases from 200 ns to 300 ns. The polarity of the dominant peak is negative.

There is some dc offset in the recording at 3 kV in figure 5-30(a).

Amplitude in volts

. -8 |
0 01 02 03 04 05 06 07 08 0 01 02 03 04 05 06 07 08

time in micro-seconds time in micro-seconds
(a) at 3 kV (b) at 5 kV

Figure 5-30: Shape of surface PD by changing voltage

Cavity PD is also an oscillatory one. Cavity PD also looks like a sharp pulse with
fast decaying oscillation as shown in figure 5-31. By marginally increasing
voltage, the shape and peak to peak magnitude do not change much. The peak
to peak magnitude is around 0.41 V. The duration of the pulse is around 200 ns.

The polarity of the dominant peak is negative.
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Figure 5-31: Shape of cavity PD by changing voltage

From the above time domain observations, it is deduced that surface and cavity
pulses may have higher frequency oscillatory components than that of corona
pulses. Surface PD peak to peak magnitude is very sensitive to applied HV. For
cavity PDs, the applied source is increased in modest step of 0.5 kV to observe
for changes in amplitude and phase of the cavity PDs because the cavity models
developed (see section 3.4.3) are prone to breakdown with sudden increase in
applied voltage. Cavity PDs start to emerge at about 9 kV and become more in
number at 9.5 kV. Upon reaching 11 kV, cavity PDs are seen to be severe and
that voltage is deemed to be the maximum applied voltage before breakdown
occurs. Once the cavity PD model breaks, it cannot be used anymore and a new
one has to be developed again. Peak to peak PD signal for cavity PD does not
vary much upon increased applied HV source as seen from the single pulses in

figure 5-31.
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5.6.2 Frequency domain characteristics of each type of single PD pulse

Each type of PD pulse is found to be well defined in shape and therefore FFT is
performed on the single PD pulse to determine its frequency contents. A total of
512 sampled points are used for the FFT calculation of each type of PD pulse.
For corona PD, the determined power spectral density decays exponentially with
increase in frequency as shown in figure 5-32. Corona PD is found to have
energy up to 5 MHz. By increasing voltage, low frequency spectral energy of

corona PD increased marginally with decrease in high frequency spectral energy.
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Figure 5-32: FFT content of single corona PD at 10 kV and 15 kV

Characteristic frequency peaks are obtained with surface single PD analysis
shown in figure 5-33. Up to 35 MHz, it is found to carry the energy. At 3 kV, the
determined characteristic frequencies are 12 MHz, 22 MHz, and 30.5 MHz with
the relative PSD magnitudes of 1.4, 1.78, and 0.55 respectively. At 5 kV, relative
PSD magnitude increases significantly (by 15 times). The calculated

characteristic frequencies are 12 MHz, 22 MHz, 30.5 MHz with the relative PSD
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magnitudes of 30, 13.5 and 4 respectively. It appears that the characteristic

frequencies are the same with the increased energy on raising the voltage.
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Figure 5-33: FFT content of single surface PD at 3 kV and 5 kV

Characteristic frequency peaks are obtained with cavity single PD analysis
shown in figure 5-34. Up to 40 MHz, it is found to carry the energy. At 9 kV, the
determined characteristic frequencies are 13 MHz, 25 MHz, and 35 MHz with the
relative PSD magnitudes of 0.0097, 0.008, and 0.0072 respectively. At 9.5 kV,
relative PSD magnitude increases marginally. The calculated characteristic
frequencies are 12 MHz, 23 MHz, and 35 MHz with the relative PSD magnitudes
of 0.011, 0.008, and 0.0178 respectively. It appears that the characteristic
frequencies change slightly with the marginally increased energy on raising the
voltage. The spectrum range of the peaks lied in a range of 4 to 40 MHz with

energy significantly less than surface PD.
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Figure 5-34: FFT content of single cavity PD at 9 kV and 9.5 kV

5.7 Summary of the characteristics of corona, surface and cavity PDs
Based on the analysis, a brief summary of the characteristics of each PD is
presented below in Tables 5-1, 5-2, and 5-3 for corona, surface, cavity PDs

respectively.
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Table 5-1: Summary of the characteristics of corona PDs based on statistical and individual pulse analysis

Characteristics of corona PDs: T —Time domain; F- Frequency domain

S/No Characteristics Behaviour/Pattern observed
1 (S_Il;\gle PD pulse duration About 1us. Longest as compared to that of surface and cavity PDs.
5 | Dominant frequency Energy up to 5SMHz.
content (F) (lowest as compared to that of surface and cavity PDs).
PSD (F) Stronger than cavity PDs but lower than that of surface PDs
4 Shape of single pulse (T) Non-oscillatory. Decays with a rather exponential smooth “tail”.
5 Phase distribution (T) Majority of PDs occur at negative half cycle
Lowest magnitude as compared to surface and cavity PDs and exhibits the
6 Magnitude distribution(T) narrowest magnitude distribution profile which ranges only from 90mv to about
9 170mv. Shape of distribution profile is closest to a normal distribution when
compared with that of surface and cavity PD distributions.
Corona PDs are found to exhibit Weibull B (shape parameter) values close to 10.
. B values for g-cumulative-n, and ®-cumulative-n distribution profiles of corona
7 Weibull B value (T) PDs are determined to be the highest as compared to that of cavity and surface
PDs.
Corona pulses occurring in negative half cycle have very small AV and At spread
8 Cluster analysis (T) (i.e. cluttered around the origin) as seen so consistently in the four types of

cluster plots.

Table 5-2: Summary of the characteristics of surface PDs based on statistical and individual PD pulse analysis.

Characteristics of surface PDs: T —-Time domain; F- Frequency domain

S/No Characteristics Behaviour/Pattern observed
1 (S1|_;\gle PD pulse duration About 0.3us — slightly longer than cavity PDs but lower than that of corona PDs.
2 Dominant frequency Enerav uo to 35MHz
content (F) gy up '
3 PSD(F) Strongest as compared to that of corona and cavity PDs.
4 Shape of single pulse (T) Oscillatory. Decays with a few oscillating spikes before dropping to signal
background level.
5 Phase distribution (T) Ocecurs in both positive and negative half cycles
. — Highest magnitude as compared to that of corona and cavity PDs, and exhibits
6 Magnitude distribution (T) the widest magnitude distribution profile which ranges from 500mV to 9000mV.
B values for g-cumulative-n, and ®-cumulative-n distribution profiles of surface
. PDs are determined to be the lowest as compared to that of corona and cavity
7 Weibull beta value (T) PDs. Typical value ranges from 1.5 to less than 2.5 for g-cumulative-n
distribution profile.
8 Cluster analysis (T) Surface PD pulses occurring in positive and negative half cycles have wide AV

and At spread.
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Table 5-3: Summary of the characteristics of cavity PDs based on statistical and individual pulse analysis.

Characteristics of cavity PDs: T —Time domain; F- Frequency domain

(AV vs At)

S/No Characteristics Behaviour/Pattern observed
1 (S_Il;\gle PD pulse duration About 0.2us — Shortest as compared to that of surface and corona PDs.
> Dominant frequency Enerav up to 40MHz
content (F) gy up '
3 PSD (F) Weakest as compared to that of corona and surface PDs.
4 Shape of single pulse (T) Oscillatory. Decays with a few oscillating spikes before dropping to signal
background level.
5 Phase distribution (T) Occurs in both positive and negative half cycles.
Magnitude of cavity PDs lies between that of surface and corona. It spans a
6 Magnitude distribution (T) relatively large magnitude distribution profile which ranges from 250mV to about
5500mV.
B for g-cumulative-n, and ®-cumulative-n distribution profiles of cavity PDs are
7 Weibull beta value (T) dete_rmlned to be lower than that of corona but higher than thaF of surfacg PDS.
Typical values range from 2.5 to less than 5 for g-cumulative-n distribution
profile.
Cavity PD pulses occurring in positive and negative half cycles has moderate
Cluster analysis (T) AV and At spread, sometimes comparable to that of surface cluster
8 distributions. Appear to be scattered most freely in all the four quadrants as

compared to that of corona and surface distributions. Scatter is also seen to be
more during negative half cycle.

The difference in characteristics of each type of PD (as shown in Tables 5-1 to 5-

3) can be used as a reference guide for the identification of the type of unknown

PDs in a practical environment. Many factors like physical parameters of PD

samples, sensitivity of the measuring transducers, measuring environment

conditions, noises and distortions, etc. may affect the end results. Hence the

statistical and individual pulse analysis method described in this report cannot

have similar results in every unknown case. However by using these methods,

individuals can develop his knowledge base of PD characteristics based on his

PD test with the known tested objects unique to his own measuring

environmental conditions. The important step is that the sampled signal must be
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denoised and phase referenced (using DWT or high-pass filtering technique) in

order to detect and extract PDs prior to statistical and individual pulse analysis.
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Chapter 6

Identification of the types of PD in mixed-
sources signal

After studying the identification techniques on pure type of PD, the laboratory
study is extended to the identification of real practical situation of mixed PD
sources signal. This chapter presents the analysis, and the identified types of PD
in mixed-PD-sources signal generated in the laboratory and measured data on
an operating 2 MVA/22 kV rated dry transformer. The generated mixed-sources
signal contains the known surface and corona PDs generated as per the layout
described in chapter 3. The types of PD in the operating transformer are not

known. The five used analyzing tests for the identification process are as follows:

a) PD distribution profiles in ¢-g, n-q and At-AV plots

b) Correlation Method

c) FFT content of extracted individual PD pulses

d) Intensity level of the CWT coefficients from lower to higher scale levels

e) Mixed- Weibull parameters

The selected five tests were performed in sequential manner with the following
objectives. The first test aims to find the typical statistical PD pattern in the
unknown mixed-sources signal. It may identify qualitatively how many types of
PDs occurring in the signal by observing PD amplitude (q), phase (®) and
number (n) distributions, and the time (At) and amplitude (AV) separation

between consecutive PD pulses. If pure corona is the only prominent PD in the
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measured signal, then the first test can identify it straightaway because corona
exhibits unique statistical patterns when compared to that of surface and cavity
(see sections 5.3.1, 5.3.7, and 5.5.1). The first test can only suggest an initial
qualitative guess of single corona PD present from random occurrence of PDs in
20 ms period. If two or more types of PD are present, the first test is able to
reveal two or more statistical patterns but cannot confirm the exact type of PDs
(i.e. surface, corona, or cavity) and the remaining four tests are employed. The
second time domain test - correlation method groups similar PD pulses by auto-
correlation calculation. For correlating with the unknown PDs, the extracted PD
pulses or the data base pulses are used. A correlation level above 0.7 is used to
group one type. The correlation method is able to group the exact number of
different types of PD. Correlating the extracted unknown PD pulses with the
pulse shapes in the database often results in low value and thus most of the time
this approach cannot be used for PD identification. Identified pure PD pulse-
shape from laboratory data for correlation study may be distorted in field data
due to distortions caused by measurement, propagation and other environment
interferences. Using the second test, it is possible to identify the number of PD
groups. The third frequency domain test on single PDs (PSD of extracted PD
pulses) aims to find the dominant frequency contents of the identified PD groups
by the second test. The evaluated frequency spectrum and the dominant strength
of PSD and the corresponding frequency are then compared with typical
frequency ranges of pure surface, corona, and cavity PDs. In this way, the types

of PDs may be identified. The fourth test with wavelet transform using CWT
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analysis has been proven to identify surface and corona PDs in mixed-sources
signal. The CWT works by observing the amplitudes of the CWT coefficients from
lower to higher scales of the mother wavelet. It is based on a high sampling rate
which has nyquist frequency higher than the dominant frequencies of a pure PD.
This test again provides the results for additional consideration during the PD
identification process. The fifth test - Weibull analysis works on the PD number (n)
distribution of the signal. The number of significant different gradients of the g-
cumulative n distribution profile denotes the number of types of PDs. This test
has also been found to be useful in PD identification. Using the above five tests,

the types of PD in an unknown signal can be very closely identified.

6.1 Generated mixed-sources signal at the laboratory

Surface and corona PDs are generated simultaneously at around 10 kV and the
recorded PD distribution in 20 ms period is shown in figure 6-1. It shows the
presence of dominant surface PDs in both half cycles, small magnitude corona
PDs crowded in negative half of cycle, 50 Hz and its harmonics with some dc
offset. PSD of the recorded signal shows the dominant frequency bands at
around 5MHz, 10MHz, 30MHz, 38MHz, 50MHz, 60MHz, 80MHz, 100MHz, and
extending up to about 110 MHz based on a high sampling rate of 0.25 Giga-
Samples per second. In section 5.6.2, it was seen that corona PDs occurred at
lower frequency band around 5 MHz as compared to that of surface PDs.
Surface PDs were observed to lie in high frequency band around 30MHz to

40MHz. The frequency spectrum of the entire mixed-sources distribution shown
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in figure 6-1 with similar dominant frequency bands suggests the possibility of

existence of two known types of PDs.

Original mixed-source signal
T

Power Spectral Density of entire lab data distribution
15 T T T T T T 15 T T
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Figure 6-1: Generated mixed sources signal and PSD content of signal

6.2 Identification of the types of PD in mixed-sources signal generated at
laboratory

The types of PD buried in recorded signal can be identified by performing the
described independent tests. The analysed results are reported in this chapter.
Before processing the data, the signal is denoised using the methods described
in chapter 4.

6.2.1 Analysis of PD distribution using ¢-q, q-n, and At-AV plots

The objective of this test is to observe for similar PD clusters using different plots.
Denoised signal is made unipolar and the distribution of PD occurrence with @ is

plotted in figure 6-2. It shows the maximum PD amplitude close to 2.4 volts.
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Figure 6-2: Denoised absolute g variation with ®

Upon visual inspection of the denoised signal, it can be seen clearly that there
are at least two clusters of distinct PDs occurring in the measured signal. A small
number of distributed spikes of higher amplitudes are seen in the positive and
negative half cycles while a large number of crowded spikes of lower amplitudes
occur mainly in the negative half cycle. The consecutive high magnitude spikes
are seen to be visually phase spaced at finite phase angle apart from each other
while the low magnitude spikes are cluttered in the negative half cycle.
In sections 5.3.2 and 5.5.1, it is shown that surface PDs occur with high
amplitude than that of corona PDs and the phase angle between consecutive
surface PDs is more than that of corona. The visual method is able to infer
logically the existence of two known different types of PD created in the
laboratory.

A plot of the g-n distribution for the positive and negative cycles shows that
number of PD occurrence is more in the negative half cycle compared to positive

half cycle and q is spread in the magnitude range of 0.2 Vto 2.5 V.
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Figure 6-3: g-n distribution profiles of generated mixed-sources
signal during positive and negative half cycles

The presence of large number of pulses in the finite q range of 0.25V to 0.45V of
the negative half cycle indicates the presence of corona PD. Small number of
high magnitude pulses may be due to surface PDs. In section 5.5.1, the At-AV
distribution profile of each type of pure PD revealed characteristic cluster
patterns. With mixed-source signals, the plot of At-AV (dt-dV) distribution in figure
6-4 shows different clusters of PD distribution. Here, the plot of the At-AV
distribution during positive and negative half cycles for the generated multi-
sources signal (containing known corona and surface PDs) reveals two different
cluster distributions. In the positive half cycle, points are limited. At varies from
0.18ms to 0.5ms while AV varies from 0.002V to 0.088V. Larger At pulses may
be due to surface PDs. In the negative half cycle, At varies from 0 ms to 0.2ms

while AV varies from 0 to £ 0.02V. AV variation in the range of £0.02 V may be
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due to corona pulse. Also, more number of PD occurrences in the negative half
cycle and low AV are indicators of corona discharge. On the other hand, small
number of PDs occurring in both cycles and wide AV and At are the

characteristics of surface PD.
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(a) At-AV (positive half cycle) (b) At-AV (negative half cycle)

Figure 6-4: At-AV distribution profiles of laboratory mixed-sources
signal during positive and negative half cycles

The above distributions indicate the presence of two or more types of PD in a
qualitative manner.

6.2.2 Analysis by Correlation Method

This analysis is done on each single PD present in the recorded signal. For
identification, the shape of pure single PD reported in section 5.6.1 is used.
Figure 6-5(a) shows the typical shape of a pure surface PD while figure 6-5(b)

shows that of corona PD.
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Figure 6-5: Extracted shapes of single pure PD

The correlation analysis on 20ms data is carried out sequentially by following the

steps indicated below:

1)
2)

3)

4)

20ms data is denoised using DWT.

From the denoised signal, the first single pulse with the detailed sampling
points is extracted and correlated with the selected second pulse. By time
shifting, the maximum correlation factor between the first and second
pulse is determined.

Next, the same correlation process is repeated between the first and third
PD pulse of the denoised signal. The correlation is continued until the last
pulse is correlated with the first pulse.

Pulses with the correlation factor equal to and greater than 0.7 are
grouped together with the first pulse and are characterized as one type of
PD. The 0.7 factor was chosen because pulses which correlate with a

factor of 0.7 or higher were statistically found to have closer similarity.
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Other correlation factors can be set. For example, if one desires very
close similarity between single pulses in comparison to be considered as a
group, then higher correlation factor like 0.8 can be set as a cut-off point.
In this work, it is found that 0.7 factor is adequate to group the PD pulses
with known PD sources. After removing that group of pulses, the rest of
the PD pulses with the correlation factors less than 0.7 is correlated with
each other again for similarity. By this way, the PD pulses can be grouped
into different types of PD.

Next, these groups of similar PD pulses are to be compared for similarity
with the pre-measured pure PD shapes reported in section 5.6.1. In this

way, the type of PD in any unknown signal can be identified.

The above four steps are applied on the data reported in figure 6-1. The

existence of two groups of PD pulses is found. The typical shapes of the two

groups of PD pulse extracted from the mixed-sources signal are shown in figures

6-6(a) and 6-6(b) respectively.
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Figure 6-6: Extracted shapes of group 1 and group 2 single PD pulse in mixed-sources signal
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Figure 6-7(a) shows the correlation results using the extracted group 1 PD pulse
as reference while figure 6-7(b) shows the correlation results using group 2 PD
pulse as reference. Looking at the correlation results, it is deduced that there are
two types of PD occurring in the mixed-sources signal. Correlating the extracted
groups 1 and 2 PD pulses with pure surface and corona PD single pulse, they

are identified as surface and corona PDs respectively.

time in ms

time in ms

(b) Using group 2 PD pulse as reference

(a) Using group 1 PD pulse as reference

Figure 6-7: Evaluated correlation factors for
laboratory generated mixed-sources signal

By knowing the locations of maximum correlation factor, the denoised signal in

figure 6-7 is divided into two separate groups as shown in figure 6-8.
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Figure 6-8: Extracted types of PD in the mixed PD sources signal using correlation results

Two groups of PD are identified. Group 1 PDs on the average appears to exhibit
higher amplitudes and wide time separation between consecutive pulses and it
also occurs during positive and negative half cycles. PD spikes in group 2 are
seen to exhibit lower amplitudes and short time separation between consecutive
pulses and they occur mainly in the negative half cycle. In an actual field
environment, pre-determined shape of each type of PD is difficult to get. PD
original waveshape can vary depending on the type of PD fault, and can be
distorted due to propagation from origin to the monitoring node and sensor
responses. In addition, the field environmental high frequency noises can corrupt
the measured signal making it even harder for us to identify the type of PD. It is
found that the correlation method is able to identify the types of PD in a
measured signal. Further improvement is to be done to suit the practical
environment with many unknown PD sources and the modulated noise pulses.
The correlation analysis shows the presence of corona and surface PDs in the

laboratory mixed- PD sources data.
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6.2.3 Analysis by Power Spectral Density Calculation

After the correlation analysis, PSD of the two types of extracted PD pulses is
calculated as each PD is well-defined in shape with at least 256 sampled points
using a recording sampling rate of 0.25 Giga-Samples per second. Figure 6-9

shows the determined PSD of the extracted groups 1 and 2 PD pulses.

Frequency in Hz x 107 Frequency in Hz x 10"

(a) PSD of group 1 PD pulse (b) PSD of group 2 PD pulse

Figure 6-9: PSD of extracted groups 1 and 2 PD pulses

Group 1 PD pulse exhibits higher PSD strength (about 10 times higher) as
compared to that of group 2 PD pulse. In addition, dominant frequency contents
of group 1 PD pulse are around 10MHz, 22MHz and close to 40MHz, while that
of group 2 PD pulse lies at lower ranges i.e. around 2MHz to 16MHz. Frequency
contents and PSD of these pulses are compared to the derived typical frequency
ranges of each type of pure PDs discussed in section 5.6.2. Figure 6-9(a) results
match the pure surface PD while figure 6-9(b) results match the pure corona. The

frequency plots for both groups of single PD pulses are seen to have broad
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frequency spread which can be improved by using more sampled points for the
FFT calculations.

6.2.4 Analysis by the Continuous Wavelet Transform

CWT is a more quantitative analysis method to identify the presence of different
types of PDs. Mother wavelets db2, db4, db6, db9, db15, db20, coif5, sym4,
sym8 and bior6.8 are used to determine the correlation coefficients by varying
the frequency scaling up to 10. The relation of wavelet scaling factor to the
frequency was shown in chapter 2. Nyquist frequency is determined using the
sampling rate. It is selected to a higher frequency band than that of measured
corona and surface PD pulses (derived in section 5.6.2). Then, CWT is found to
be useful in separating surface PD from corona. Based on the results reported in
sections 6.2.1 to 6.2.4, sampling rate of 0.25 Giga-Samples per second
corresponds to a nyquist frequency of 125 MHz. Figure 6.10 shows the various
scales of the db9 wavelet and the corresponding proportional frequencies in
percentage of the nyquist frequency (i.e. 125 MHz). From the graph, scales 1.5
and 5 of the db9 wavelet correspond to 117.5 MHz and 35 MHz respectively. The

lower scales can detect high frequency content of mixed PD signal.

6-13



ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

Chapter 6 - Identification of the types of PD in mixed-sources signal

% Frequencies corresponding to scale levels of db9 wavelet

=
=]
S

Laboratory data
Sampling rate used: 250 Mega-samples per second
Nyquist frequency: 125 MHz

©
b=

-3
S

~
=)

@
S

Industrial data
Sampling rate used: 50 Mega-samples per second
Nyquist frequency: 25 MHz

o
S

40

30

20

Frequency in percentage of the nyquist frequency

| | |

| | |

| | |
0 2 4 6 8 10 12 14 16 18 20
cales of db9 wavelet

[7d

Figure 6-10: Frequency in percentage of the nyquist frequency against scale levels of db9

CWT is performed on the original 20ms distribution (see figure 6-1) and figure 6-
11 shows the CWT analysis on the entire mixed-sources distribution using
mother wavelet db9. Two other wavelets coif5 and sym8 were tested and similar
results were obtained. The typical results at scales 1.5, 5 and 10 are shown. It is
evident that group 2 PD pulses of figure 6-8 (b) appear as high CWT coefficients
only after scale 10 i.e. from 17.5 MHz to lower frequencies using db9 (Refer
figure 6-10). Comparing that observation with the frequency content of extracted
group 2 PD (See figure 6.9b) and the dominant frequency content of a pure
corona PD in section 5.6.2, group 2 PD can be identified as corona. All the tested
wavelets identify corona PD beyond scale 10. The presence of high CWT
coefficients at scale levels 5 and 1.5 (i.e. 35 MHz and 117.5 MHz respectively
using figure 6-10) indicates the possibility of occurrence of surface PDs and not
corona PD. The time location of high amplitude CWT coefficient indicates the ®

occurrence of that particular type of PD.
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Figure 6-11: CWT analysis on laboratory generated mixed-source PD distribution in 20ms duration using db9

Therefore, based on the CWT coefficient distributions for the entire 20ms
duration on laboratory generated mixed-sources signal, high coefficient
amplitudes within scales of 1.5 to 5 indicate the phase/time occurrence of surface
PDs [114]. Similarly, high coefficient values within scales of 5 to 10 indicate the
occurrences of corona and surface PDs. Using the detected high coefficients
associated with surface PDs from any one of the scales from 1.5 to 5, time

locations of the occurrence of surface PD can be identified. Then by elimination
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technique, time locations of corona PDs can be identified with high coefficient
results at scale 10.

6.2.5 Analysis by Mixed-Weibull fitting

In section 5.4.1, the weibull fitting is applied to the plots of cumulative number of
PDs against q and the result shows that the different types of pure PD exhibit
different ranges of weibull B (shape parameter) values. A two-parameter weibull

fitting which offers only one B is used for pure single-source signal. In this mixed
sources signal, there are two types of PD present in the collected signals. &, By,

¢, and B, are needed to identify them. After applying the mixed-weibull fitting on

the mixed-souces signal shown in figure 6-1, the two calculated 3 values are
compared to the calculated B values in section 5.4.1 for each type of PD. In this

way, the types of PD in the mixed-sources signal can be determined based on

comparison.

Figure 6-12(a) shows the variation of the number of PDs against the magnitude
windows in a mixed-sources signal shown in figure 6-1. A large number of PDs
can be seen occurring in the range from 250mV to about 450mV. There is also a
small percentage of the total number of PDs occurring in the magnitude range
from 450mV to about 2500mV which hardly can be seen by visual inspection in
figure 6-12(a). Figures 6-12(b) and 6-12(c) show the zoomed view of the
magnitude distribution plots in two ranges. The maximum number of PDs in small
magnitude range from 250 mV to 450 mV goes up to 340 and the shape
distribution appears close to a normal distribution. About 95% of the total number

of PD pulses lies in this distribution. The second distribution lies in the magnitude
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range from 450 mV to 2.5 V and the maximum number of PDs in that range goes

up to 12. It follows an exponentially decaying distribution for increased magnitude

and about 5% of the total number of PD pulses resides in this amplitude range.
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Figure 6-12: g-n plots of laboratory generated mixed sources signal

Figure 6-13 shows the percentage cumulative number of PDs (n) against

magnitude. Two different gradients are seen. The abrupt change in gradient of

slope occurs at around 95 percent of the total PD population which agrees well

with the amplitude distribution.

% cumulative no. of PDs (n)

% Cumulative no. of PDs against magnitude

1 15 2 25
Magnitude in volts

Figure 6-13: q - %cumulative n plots of
laboratory generated mixed-sources signal
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Hence, two groups of PD populations are found. The first group of population
lying up to 0.45 V is chosen to contain up to 95 percent of the total PD population
while second group of population beyond 0.45 V contains the remaining 5
percent.

Figure 6-14 shows the g- cumulative n plots of two separated populations.
Different gradients can be observed from the cumulative plots signifying the

presence of two different types of PD distribution.

% Cumulative no. of PDs against magnitude % Cumulative no. of PDs against magnitude
T ZA AR

E. | ‘
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(a) from0.25V to 045V (b) from0.45Vt025V

Figure 6-14: g-cumulative-n plots of groups 1 and 2 PD population

Two parameter weibull fitting is made on the population-1 lying in the range from
0.25 V to 0.45 V and the population-2 lying in the range from 0.45 V to 2.5 V. The
closely fitted a and B values for population-1 in figure 6-15(a) are 0.35 and 12.63

and for population-2 in figure 6-15(b) are 0.25 and 0.643 respectively.
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Figure 6-15: Two parameters Weibull fitting on g-cumulative-n
distribution of laboratory generated mixed sources PD

With population-1, B of 12.63 is obtained. Likewise for the population-2,  of
0.643 is obtained. The obtained B values for the two groups of population are
compared to the range of B values for each type of pure PD found earlier in
section 5.4.1. The comparison reveals that  value of more than 10 (i.e. 12.63) is
due to corona PD distribution and B value of 0.643 is due to surface PD

distribution. Since the original mixed-sources signal is known, the prediction by

weibull analysis is verified for PD types identification.
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6.3 Conclusion on the selected five PD identification tests

The results obtained by each test provide useful information about the types of
PD embedded in the measured signal. The results are compared with the
obtained group and individual characteristics of each type of pure PD (see
chapter 5). In this way, the types of PD embedded in the signal can be identified
based on closest similarity in characteristics. From the analysis, it can be seen
that all the five tests are able to identify surface and corona PDs in the laboratory
generated mixed-sources signal with qualitative and quantitative features.

6.4 Identification of the types of PD in an operating 2 MVA rated
industrial transformer

In order to verify the usefulness of the five PD identification tests for unknown
mixed-sources signal, an attempt is made to analyse the data from an operating
2 MVA rated transformer. Figure 6-16(a) shows a typical set of recorded data
collected from an operating 2MVA/22 kV/415 V rated 3® dry type transformer
using sampling rate of 5 Mega-Samples per second. Figure 6-16(b) shows the
PSD of the entire recorded data of 20ms with 100200 sample points. Figures 6-
16(c) and 6-16(d) show the recorded 2ms distribution of 50 Mega-Samples per

second and its corresponding PSD distribution respectively.
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Figure 6-16: Measured time and calculated frequency domain
responses of industrial data in 20ms and 2ms duration

PSD analysis for both 20ms and 2ms distributions suggest the existence of
dominant frequency spectrum lying in the range from 0.4 MHz to 0.8 MHz. The
denoised mixed-sources signal shown in figure 6-17 shows maximum peak to
peak voltage amplitude of about 100mV based on the 20ms distribution while the
denoised signal in figure 6-18 shows a maximum peak to peak of about 85mV

based on 2ms distribution. The amplitudes of each extracted PD pulses in the
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20ms and 2ms distribution mostly appear to lie in close time ranges. Another
observation is that the extracted pulses seem to be evenly time-spaced apart and
occur mainly in the negative half cycle. Such observations indicate a possibility of
just one type of PD occurring. It may be corona PD because corona occurs
mainly in negative half cycle. (See earlier analysis of pure corona in sections

5.3.7 and 5.6.2).
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Figure 6-17: Denoised 20ms distribution Figure 6-18: Denoised 2ms distribution
of industrial data of industrial data

6.4.1 Analysis of PD distribution using ¢-q, g-n, and At-AV plots

For group PD analysis, the 20ms data is used. After denoising and phase
referencing, the ¢-q distribution of PD pulses in a single 20 ms cycle and
consecutive 9 cycles of 20 ms duration (superposed) are plotted as shown in

figures 6-19a and 6-19b respectively.
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Figure 6-19 Denoised ®-q distribution of industrial data

By visual inspection of the ®-q distribution plots over single and 9 cycles of 20ms
duration, magnitudes of PD pulse fall well below 70 mV and are observed to
occur mainly in negative half cycles. Qualitatively, it is inferred that only one type

of PD is present in the measured signal.

Figure 6-20 shows the separate plots of the g-n distribution profiles for the
positive and negative half cycles over 9 cycles data. More number of PD pulses
(i.e. 101 extracted pulses) reside in the negative half cycle with amplitude range
of 38 mV to 68 mV while only a small number of PD pulses (i.e. 16 extracted
pulses) occur in the positive half cycle with amplitudes extending from 38 mV to
about 52 mV. The g-n distribution profile agrees with the visual inspection of the

®-q distribution which signifies the occurrence of one type of PD event.
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Figure 6-20: g-n distribution profiles of mixed-source
industrial data during positive and negative half cycles

To identify further with another pattern, the At-AV distribution profile is evaluated.
Figures 6-21a and 6-21b show the At-AV (dt-dV) distribution profiles during the

positive and negative half cycles respectively.
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Figure 6-21: At-AV (dt-dV) distribution profiles of mixed-source
industrial data during positive & negative half cycles
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By inspection of the At-AV distribution profiles, a significant number of PDs (LHS
cluster) “crowded” with very small At spread and exhibited an average AV spread
of about 5 mV in the negative half cycle. Because only a very small number of
PDs reside in the positive half cycle, therefore the cluster pattern cannot be
deduced. By inspection, during the positive half cycle, the PDs exhibit wider
spread in At with an average AV spread of about 5.5 mV. While in negative half
cycle, the crowded cluster occurs around At of 0.5 ms. Other scattered
distribution occurs up to 5.5 ms in both half cycles. Such cluster pattern observed
during the negative half cycle is typical of corona PDs (see section 5.5.1) while
the scattered pattern may be due to some minor developing surface PD.

Further analysis is needed to confirm the exact type of PD occurring in the data
at this instant. The results obtained from ®-q, g-n, and At-AV distribution profiles
confirm the definite existence of corona PD.

6.4.2 Analysis by Correlation Method

After the initial guess of corona PD embedded in the industrial transformer
measurements based on earlier analysis, the correlation method is used to
confirm the exact number of different types of PD occurring and also to identify
the types of PD using shapes of each type of pure single PD pulses found in

section 5.6.1.

The group analysis uses data with 20ms time duration. For the correlation
analysis, high sampling rate (i.e. 50 Mega-Samples per second) is used to
capture single PD pulse-shapes with enough sampled points. The original 2ms

distribution (see figure 6-16c) is denoised by using DWT and thereafter the
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correlation method is used to group similar PD pulses occurring in 2ms in the
denoised version of the original. Only one group of PD pulses is found after the
correlation analysis indicating occurrence of one type of PD. Figures 6-22 shows
the shape of single PD pulse extracted from the original. The PD pulse is seen to
have several oscillations before attenuating to background signal level. This
could be due to distortions of the PD pulses by measurement and environmental

factors.

Amplitude in volts

-0.07 I I I I I I I I I
0 0.002 0.004 0.006 0.008 0.01 0.012 0.014 0.016 0.018 0.02

time in ms

Figure 6-22: Extracted single PD pulse
from industrial data after correlation analysis

Similar correlation analysis is done with 20ms data sampled at 5 Mega-samples
per second. Using the first detected single PD pulse extracted from the denoised
signal of 20 ms as the reference, auto-correlation is performed on the denoised
signal over single and 9 cycles of 20 ms duration. Figures 6-23a and 6-23b show
the correlated coefficients for single and 9 cycles of 20ms duration respectively. It
can be seen that almost all PDs have a correlation factor greater than 0.7

suggesting the existence of only one type of PD present in the original signal.
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Figure 6-23: Correlated coefficients using the
extracted single PD pulse as reference in 20ms

In order to determine the nature of the extracted PD pulses (i.e. surface, corona,
or cavity PD), the extracted PD pulse shown in figure 6-22 is correlated with the
derived surface, corona and cavity PD pulses in the database. However, low
correlation coefficient (i.e. CC < 0.7) values are obtained. Poor correlated results
between the extracted PD pulse and the derived PD shape from laboratory
database suggest that there may be introduced distortions in the extracted PD
pulses of the industrial data due to propagation and used transient earth voltage
probe sensor. Furthermore, it also indicates that universal PD pulse-shape for

each type of PD does not exist for correlation study.

6.4.3 Analysis by Power Spectral Density Calculation

The extracted PD pulse is seen to be well-defined in shape and FFT is performed
on them. Figure 6-24 above shows the PSD of the extracted single PD pulse
shown in figure 6-22. The single PD pulse has dominant frequency contents at

1.5 MHz and 2.2 MHz (which is similar to the frequency contents of a pure
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corona PD pulse shown in sections 5.6.2 and 6.2.3). In addition, magnitude of
PSD of the PD pulse is seen to be small which is also a typical characteristic of
corona (see section 5.6.2). The frequency plot appears to be more “precise or
less spread” when compared to the more “broadly spread” frequency plot of a
laboratory generated PD pulse (see figures 6-9a and 6-9b). This could be due to
the tuning effect induced by the inductance and capacitance along the

propagation path (i.e. from PD site to measured tank surface).

PSD

Frequency in Hz x 10°

Figure 6-24: Power Spectral Density of
extracted single PD

6.4.4 Analysis by Continuous Wavelet Transform

The PD distribution analysis is able to confirm that there are two types of PD.
The CWT analysis is used to identify the type of PD pulse. Figure 6-25 shows the
CWT results of 2ms distribution with 100200 sample points using mother wavelet
db9. The sampling rate used is 50 Mega Samples per second with a nyquist
frequency of 25 MHz. The scales used for CWT analysis is 1.5, 5, and 10. Using
the derived scale to frequency conversion shown in figure 6-10, scales 1.5, 5 and

10 correspond to 23.5 MHz, 7 MHz, and 3.5 MHz respectively. It can be seen
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that coefficients associated with burst of PD spikes in the original (see figure 6-
16¢) are much higher than the background coefficients, and are only evident or
more pronounced in scale 10. Scale levels 1.5 and 5 which correspond to higher
frequencies 23.5 MHz and 7 MHz (using figure 6-10) respectively reveal no
significant high amplitude of CWT coefficients. Since a pure corona PD pulse has
energy up to 5 MHz (derived in section 5.6.2), the presence of high CWT
coefficients in scale 10 (which correspond to 3.5 MHz) after the transform
indicate a high possibility of occurrence of corona in the original. Other wavelets
like Coif5, db4, and Sym8 were also tested and similar observations on the
obtained coefficients were obtained indicating consistent results. The
observations here agree well with the results of CWT analysis on laboratory
generated mixed-sources data which contains surface and corona PDs. In figure
6-25, the locations of higher CWT coefficients are verified to be true PD and not
high frequency noises by zooming into those locations and analyzing their
amplitude and shapes in comparison with background signal. No analysis is done
on 20 ms data as the data is not sampled at the required Nyquist frequency

range.
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Figure 6-25: CWT analysis of industrial data
of 2ms duration using mother wavelet db9

6.4.5 Analysis by Mixed Weibull fitting

In order to seek yet another confirmation on the exact types of PD embedded in
the industrial data, the mixed-weibull fitting test is performed on the collected
data over 10 voltage cycles. Figure 6-26 shows the variation of cumulative n

distribution over 10 voltage cycles with measured q.
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Figure 6-27: Weibull analysis on PD population

No significant gradient change is observed indicating that only one type of PD is
inherent in the original data. Figure 6-27 shows the weibull fitting on the LHS
distribution of PD population. The fitted a and 8 for the PD population are found
to be 0.05 and 9.422 respectively. Good linearity fit value of 0.95 suggests the
presence of single PD. Since a B (shape parameter) value of 9.422 is obtained
from the weibull fitting, the type of PD is determined to be corona based on the 3

value found earlier for single pure corona PD (see section 5.4.1).

6.5 Conclusion on the selected five PD identification tests on industrial
data

After obtaining the results by using the five identification tests, it is quite certain
that corona PD is present in the original data based on (i) the ®-q distribution
profile (i.e. occurring mainly in negative half cycle), as well as the g-n distribution
profile which indicated small amplitude range of 38 mV to 68 mV, and small At

and AV spreads during the negative half cycle, (ii) high correlation factors in
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figure 6-23, (iii) the dominant FFT contents (1.5MHz and 2.2MHz) of the single
extracted PD pulse, (iv) significantly high coefficient values in CWT results at
high scale level of 10 which corresponds to 3.5 MHz range, and (v) a B value of
9.422 after weibull fitting. At and AV spreads and weibull distribution suggest that
there may be the presence of minor surface discharge. Hence it is concluded that
the selected five analyzing methods can be easily applied on any industrial data
to identify the types of PD provided the data are sampled beyond the nyquist
frequency range. The shape of extracted single PD pulse is seen to exhibit much
more oscillations and not quite similar to a laboratory generated PD pulse-shape.
This could be due to the introduced distortions due to propagation path and used

transient earth voltage probe sensor and other physical factors.

6.6 Summary

The five identification tests listed in this chapter are tested and found to be useful
to identify the types of PD in mixed sources PD signal measured at the laboratory
and an industrial 2 MVA operating transformer. The five identification tests are
performed in sequential manner because the results of each test can be used as
inputs to the next test. The five tests are performed on pure single-source signals
to gain essential knowledge about the typical behaviours and patterns (both
statistical and individual PD pulse analysis) prior to analysis on unknown single
and multi-sources signals. The observations obtained from each tests are
compared to earlier findings reported in chapter 5. The five identification tests are
useful methodologies but its accuracy on identifying the types of PD embedded

in an unknown data relies heavily on the database which contains characteristics
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of each type of pure PD. Thus, a strong database about PD statistical and
individual pulse patterns is very essential for accurate PD identification. Practical
working experience in PD measurements and detection will aid the identification
process.

One major problem encountered while performing the second test
(correlation analysis) on various data is that PD pulse-shapes are found not to be
universal especially in industrial measurement due to several factors like
distortions, physical factors, noises, etc. PD pulse-shapes may be quite different
for different harsh measuring environments. PD pulse-shapes generated in
laboratory are seen to be with less oscillation and reproducible as distortions are
minimum.

Finally, further research work may be necessary to verify the usefulness of
the five identification tests on predicting other types of PDs like oil discharges,
electrical and water trees or even multi-sources signal which contain all three

common types of PD (i.e. surface, corona, and cavity) or modulated PD signals.
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Chapter 7

Discussion, Conclusion, and Recommendations

7.1 Discussion

This research study explored the existing signal processing techniques
and developed new techniques to identify the types of PD existing in operating
electrical apparatus.

Literature study reported in chapter 2 discovers the most common types of
PD to be identified are corona, surface and cavity PDs. It identified that wavelet
transforms — DWT and CWT could be used for PD analysis. But no detailed
study is reported relating the various factors in identifying PD. Regarding the
statistical operators, no conclusive decisions were identified.

To get reliable PD data with corona, surface and cavity PDs, laboratory
studies are carried out with the developed test objects reported in chapter 3.

PD detection using wavelet transform and laboratory data are done in
chapter 4 and its various needed critical factors are determined.

In CWT, best fit wavelets are identified as db9 and coif5 using correlation
method and newly developed squared coefficient method. Using scale levels
above 5, corona PDs with low frequency component are identified while surface
and cavity PDs are identified at low scales below 2 indicating the presence of
high frequency component. The scale is a function of sampling rate and the
tested sampling rate is chosen so that the nyquist frequency is higher than a

typical PD.
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In DWT also, best fit wavelets are identified as db9 and coif5 using the above two
methods. The best fit wavelet is identified in matching the individual PD
waveshape and in getting maximum detail coefficient. A decomposition level at 7
is determined to be sufficient for detection of PDs at a sampling interval of 0.25ns
per point. It is found that the manual and Donoho & Johnstone methods [102] of
setting the threshold value and hard thresholding methods are the best ways to
get the original PD. Known Laboratory data is analysed for PD occurrence in

20ms known as group PD analysis and for the details on individual PD known as

individual PD analysis. In group PD analysis, phase distributions using q, Uuean »

U,ax » @and n are qualitatively studied. It is found that these distributions are

sensitive to the size of the window taken for calculation. For quantitative
comparison, the calculated statistical operators sk, ku and cc for corona, surface,
and cavity PDs ®-q distributions are shown in figures 5-4, 5-5, and 5-6
respectively. For g-n distribution, it is shown in figure 5-7.

Weibull distribution on q and cumulative n yields the results which are
close to the reported literature. New weibull analysis using ® and cumulative n
yields additional characterizing parameters in section 5.4.2.

Cluster analysis of the statistical occurrence of PDs are made using AV-At
plot, AV, — AV, plot, At, — At plot, and A(AV)-A(At) plot. The scatter range and
shape of crowded clusters vary with the type of PD.

With the individual PD data having at least 128 sampled points, the time
and frequency domain characteristics of single PD are extracted in section 5.6. In

time domain, the shape of corona PD is exponentially decaying one with less

7-2



ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

Chapter 7 — Discussion, Conclusion, and Recommendation

amplitude and other two are found to be oscillatory with large peak to peak
amplitude. Corona PD is less sensitive to increase in voltage and surface PD is
very sensitive to increase in voltage. FFT content is found upto SMHz for corona
with exponentially decreasing response. Surface and cavity PDs have
characteristic resonance peaks spread upto 35 MHz and 40 MHz respectively.

An attempt is made to identify the types of PD in mixed sources signal
recorded in the laboratory and operating transformer using the selected
techniques reported in chapters 4 and 5. Very conclusive results are obtained if
we analyse the signal sequentially by these five methods — ®-q, n-q, and AV-At
distribution in group PD analysis can identify the presence of corona PD.
Correlation study can group the existing types of PD. Power spectral density
calculation can indicate the frequency resonance peaks with its magnitude to
characterize the type of PD in the respective group of PDs.

CWT analysis with scale level and sampling rate identifies the locations of
each type of PD. Mixed weibull analysis shape parameter of the respective
population identify the type of PD. Using the above, laboratory mixed sources
signal is found to have corona and surface PDs. Industrial mixed sources signal
is found to have dominant corona PD with very minor surface PD occurrences.
Also, it is realized that for correlation study, we cannot use an universal single
PD shape matching the type of PD.

7.2 Conclusion
In this research work, the main objectives planned in chapter 1 are

completed to the requirement. The developed wavelet techniques with optimized
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control parameters and scale levels can denoise, identify the time location of PD
and recover the shape of PD without distortion.

The selected five tests can be performed on any unknown PD data in
sequential manner with the objectives of estimating the severity level of PD and
identifying the types of PD without any previous history.

The first group PD analysis was based on PD amplitude (q) distribution
with phase (®) which is the recommended method by different international
standards [115], [116], [117]. It will identify qualitatively the types of PDs
occurring. The severity of PD level can be identified with distribution of number (n)
of occurrences with a range of q. The merits of this analysis are that it does not
need any history and the type of sensor used. The drawback of this method is
that it presents the features in a qualitative way. To improve that statistical
operators are introduced but it will be affected by the size of selected window. If
two or more types of PD were present, the first test was able to reveal two or
more statistical patterns but cannot confirm the exact type of PDs (i.e. surface,
corona, or cavity) because the distribution patterns of cavity and surface
discharges are quite similar although surface discharges exhibit higher
amplitudes than that of cavity.

In the second analysis, the time interval (At) and amplitude difference (AV)
between consecutive random occurring PD pulses in 20 ms were studied as the
physics of ionization differ with each type of PD. This cluster analysis again
provided features in a qualitative way and type of PD can be estimated in a very

general way. With multi PD sources, clusters can be observed.
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In the third analysis, single PD analysis was taken up. After extracting
single PDs, similarity between pulses was determined by auto-correlation
calculation. Similar types of PDs were grouped if they correlated to a level of 0.7.
This way, the groups of PD existing in the system can be identified. But it cannot
diagnose the type of PD because it is found that there cannot be an universal
waveshape of single PD for a type of PD used in correlation analysis. Also, it
requires a high sampling rate as the detailed shape of single PD had to be
analysed. It can group the noise pulses. By determining the time and frequency
domain features of the grouped single PDs and comparing with known laboratory
data on pure corona, surface and cavity discharges, that group PD can be
related to that type of discharge. This method is one of the best methods for
classification.

The fourth analysis uses wavelet transform. The CWT works by observing
the amplitudes of the CWT coefficients from lower to higher scales of the mother
wavelet. Using CWT analysis, surface and corona PDs in mixed-sources signal
were identified. The drawback of this technique is that it needs data at a high
sampling rate which has nyquist frequency higher than the dominant frequencies
of the desired PD and it is computational intensive. This method can identify PD
occurrence buried in high noise level. By comparing the scale of its occurrence,
the type of PD can be identified. This is another promising method for PD
identification and classification.

The last fifth analysis used Weibull method by using g-n distribution. The

number of significant different gradients of the g-cumulative n distribution profile
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denoted the number of types of PDs. This analysis depended on the size of
selected window for g and n distribution and the mathematical fitting methods to
determine population size, shape and slope parameters.

To summarize the research work, three types of pure PD signals were
characterized in time and frequency domain analysis and five PD diagnosing
methods were developed to estimate PD severity and identify the type of PD
qualitatively and quantitatively. The developed methods were tested to identify
the types of PD buried in generated mixed sources signal in laboratory and in
operating 2 MVA/ 22 kV rated dry type transformer.

7.3 Recommendations for further research
1) The usefulness of the developed signal processing techniques in

identifying PDs of the following types may be explored.

o] Identification of 3 or more types of PD embedded in multi-sources
signal.
o] |dentification of similar types of PD by changing the geometry

i. corona PD with various needles of different sharpness, gap
length in different insulations.
ii. cavity PD with different sized and shaped cavities located in
different positions.
iii. Surface PD with different conducting and non-conducting
track lengths with different electrodes.
iv.  Identification of treeing in solid insulation and water treeing

phenomenon.
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2) Validity of the signal processing techniques using signals from different
sensors of different frequency responses and housed at different locations

may be researched.

3) PD location techniques using responses from multi-sensors may be

developed.
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